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(57) ABSTRACT

The present disclosure relates to methods, apparatuses, and
computer programs for processing computed tomography
images. Precise segmentation of the left atrium (LA) in
computed tomography (CT) images constitutes a crucial
preparatory step for catheter ablation in atrial fibrillation
(AF). We aim to apply deep convolutional neural networks
(DCNNs) to automate the LA detection/segmentation pro-
cedure and create a three-dimensional (3D) geometries. The
deep learning provides an efficient and accurate way for
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automatic contouring and LA volume calculation based on
the construction of the 3D LA geometry. Non-pulmonary
vein (NPV) trigger has been reported as an important
predictor of recurrence post atrial fibrillation (AF) ablation.
Elimination of NPV triggers can reduce the post-ablation AF
recurrence. The deep learning was applied in pre-ablation
pulmonary vein computed tomography (PVCT) geometric
slices to create a prediction model for NPV triggers in
patients with paroxysmal atrial fibrillation (PAF). The deep
learning model using pre-ablation PVCT can be applied to
predict the trigger origins in PAF patients receiving catheter
ablation. The application of this model may identify patients
with a high risk of NPV trigger before ablation.
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METHODS, APPARATUSES, AND
COMPUTER PROGRAMS FOR PROCESSING
PULMONARY VEIN COMPUTED
TOMOGRAPHY IMAGES

TECHNICAL FIELD

The present disclosure relates to processing computed
tomography images. More particularly, the present disclo-
sure relates to methods, apparatuses, and computer programs
for processing pulmonary vein computed tomography
images. The present disclosure also relates to clinical appli-
cations of deep learning techniques in the prediction of
trigger origin in paroxysmal atrial fibrillation patients.

BACKGROUND

Atrial fibrillation (AF) may be divided into three types
based on the duration: paroxysmal atrial fibrillation, persis-
tent atrial fibrillation, and permanent atrial fibrillation. Par-
oxysmal atrial fibrillation may occur when there are abnor-
mal electric pathways in the heart and the heart is not beating
regularly or pumping enough oxygen-rich blood around the
body. In some cases, paroxysmal atrial fibrillation may be
caused by abnormal rapid electric activities around the
pulmonary vein. However, other thoracic veins or atrial
tissues may also cause abnormal rapid electrical activity and
cause atrial fibrillation. A catheter ablation procedure may be
a clinical treatment for atrial fibrillation.

As a treatment for atrial fibrillation, a catheter ablation
procedure may be performed on the trigger origins of the
paroxysmal atrial fibrillation. Before performing catheter
ablation procedure on a patient, an invasive electrophysi-
ological examination may be performed to determine the
trigger origins. A method, an apparatus, or a computer
program facilitating the physician to determine or predict the
trigger origins of atrial fibrillation is highly considered.

SUMMARY OF THE APPLICATION

Some embodiments of the present disclosure at least
provide a technical solution for processing PVCT images.

Some embodiments of the present disclosure provide a
method for processing pulmonary vein computed tomogra-
phy (PVCT) images. The method may include: obtaining a
plurality of input images from the upper border of a left
atrium to the bottom of a heart; determine whether each of
the plurality of input images relates to a non-pulmonary vein
(NPV) trigger origin; and determining the plurality of input
images relating to a NPV trigger origin when more than half
of the plurality of input images are determined relating to a
NPV trigger origin.

Some other embodiments of the present disclosure pro-
vide a device for processing pulmonary vein computed
tomography (PVCT) images. The device may include: a
processor; and a memory, which stores instructions causing
the processor to perform operations. The operations may
comprise: inputting a plurality of input images from the
upper border of a left atrium to the bottom of a heart;
determine whether each of the plurality of input images
relates to a non-pulmonary vein (NPV) trigger origin; deter-
mining the plurality of input images relating to a NPV
trigger origin when more than half of the plurality of input
images are determined relating to a NPV trigger origin; and
outputting an output indicating the plurality of input images
relating to a NPV trigger origin.
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Some other embodiments of the present disclosure pro-
vide a non-transitory, computer-readable storage medium
storing computer programmable instructions. The computer
programmable instructions may cause a computer to per-
form operations. The operations may comprise: inputting a
plurality of input images from the upper border of a left
atrium to the bottom of a heart; determine whether each of
the plurality of input images relates to a non-pulmonary vein
(NPV) trigger origin; determining the plurality of input
images relating to a NPV trigger origin when more than half
of the plurality of input images are determined relating to a
NPV trigger origin; and outputting an output indicating the
plurality of input images relating to a NPV trigger origin.

BRIEF DESCRIPTION OF THE DRAWINGS

For a better understanding of the nature and objects of
some embodiments of the present disclosure, reference
should be made to the following detailed description taken
in conjunction with the accompanying drawings. In the
drawings, identical or functionally identical elements are
given the same reference numbers unless otherwise speci-
fied.

FIG. 1 illustrates a flowchart of an image processing
method according to some embodiments of the present
disclosure;

FIG. 2 illustrates a flowchart of an image processing
method according to some embodiments of the present
disclosure;

FIG. 3 illustrates a flowchart of an image processing
method according to some embodiments of the present
disclosure;

FIG. 4 illustrates a flowchart of a data processing method
according to some embodiments of the present disclosure.

FIGS. 5A and 5B illustrate the ROC curves of the results
according to some embodiments of the present disclosure.

FIGS. 6A and 6B illustrate the confusion matrices of the
results according to some embodiments of the present dis-
closure.

FIG. 7 illustrates a system according to some embodi-
ments of the present disclosure.

FIG. 8 illustrates the flowchart of the algorithm for LA
(left atrium) classification, LA segmentation and 3D geom-
etry creation by deep learning model.

FIG. 9 illustrates the ROC (receiver operating character-
istics) curve and the confusion matrix for the left atrial (LA)
image classification.

FIG. 10 illustrates the ground truth and U-Net LA seg-
mentation.

FIGS. 11A and 11B illustrate the plotted ROC curves of
LA volume, normalized LA volume to BSA, and LA diam-
eter for AF recurrence.

FIGS. 12A and 12B illustrate the plotted curves based on
Kaplan-Meier analysis.

FIG. 13 illustrates an algorithm of patient enrollment in
paroxysmal atrial fibrillation (AF) patients.

FIG. 14 illustrates a deep learning training process and
mathematical operation.

FIG. 15 is an example of discriminative localization
delineating PVs, left and right atria in grad-CAM technique
analysis for illustration of (artificial intelligence) Al
explanatory power (interest area of Al).

DETAILED DESCRIPTION

The following disclosure provides many different
embodiments or examples for implementing different fea-
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tures of the provided subject matter. Specific examples of
components and arrangements are described below. Cer-
tainly, these descriptions are merely examples and are not
intended to be limiting. In the present disclosure, in the
following descriptions, the description of the first feature
being formed on or above the second feature may include an
embodiment formed by direct contact between the first
feature and the second feature, and may further include an
embodiment in which an additional feature may be formed
between the first feature and the second feature to enable the
first feature and the second feature to be not in direct contact.
In addition, in the present disclosure, reference numerals
and/or letters may be repeated in examples. This repetition
is for the purpose of simplification and clarity, and does not
indicate a relationship between the described various
embodiments and/or configurations.

The embodiments of the present disclosure are described
in detail below. However, it should be understood that many
applicable concepts provided by the present disclosure may
be implemented in a plurality of specific environments. The
described specific embodiments are only illustrative and do
not limit the scope of the present invention.

FIG. 1 illustrates a flow chart of an image processing
method according to some embodiments of the present
disclosure. Image processing procedure 200 may obtain an
input image 101. After the operations of the image process-
ing procedure 200, two outputs 301 and 302 may be gen-
erated. In some embodiments, the input image 101 may be
a computed tomography (CT) image. The input image may
be a pulmonary vein CT image.

In some embodiments, each of the outputs 301 and 302
may be a value. Each of the outputs 301 and 302 may be a
probability value. The sum of the outputs 301 and 302 may
equal to 1. In some embodiments, one of the outputs 301 and
302 may indicate the probability that the input image 101
relates to (or include) a non-pulmonary vein (NPV) trigger
origin; the other of the outputs 301 and 302 may indicate the
probability that the input image 101 relates to (or include) a
pulmonary vein (PV) trigger origin. In some embodiments,
when the probability that input image 101 relating to a NPV
trigger origin is greater than 0.5, the input image 101 may be
determined as relating a NPV trigger origin.

FIG. 2 illustrates a flow chart of an image processing
method according to some embodiments of the present
disclosure. Image processing procedure 400 may obtain a
plurality of input images 101. After the operations of the
image processing procedure 400, output 501 may be gen-
erated. The input image 101 may be a computed tomography
image or a pulmonary vein CT image. The plurality of input
image 101 may be the pulmonary vein CT images obtained
from one patient. The plurality of input image 101 may be
the pulmonary vein CT images obtained from the upper
border of the left atrium to the bottom of the heart.

The image processing procedure 400 may include one or
more image processing procedure 200. Each of the plurality
of input images 101 may be processed with an image
processing procedure 200. Each of the plurality of input
images 101 may be determined whether it relates to a NPV
trigger origin. When more than half of the plurality of input
images 101 are determined as relating to a NPV trigger
origin, the plurality of input images 101 may be determined
as relating to at least one NPV trigger origin. When less than
half of the plurality of input images 101 are determined as
relating to a NPV trigger origin, the plurality of input images
101 may not be determined as relating to at least one NPV
trigger origin.
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In some embodiments, when more than half of the plu-
rality of input images 101 are determined as relating to a
NPV trigger origin, the corresponding patient may be deter-
mined having atrial fibrillation relating to NPV trigger
origin. When less than half of the plurality of input images
101 are determined as relating to a NPV trigger origin, the
corresponding patient may not be determined having atrial
fibrillation relating to NPV trigger origin.

The output 501 generated by the image processing pro-
cedure 400 may be a value indicating whether the plurality
of input images 101 is determined as relating to at least one
NPV ftrigger origin. For example, when the output 501
equals to 1, the plurality of input images 101 may be
determined as relating to at least one NPV trigger origin.
When the output 501 equals to 0, the plurality of input
images 101 may be determined as relating to at least one PV
trigger origin.

In some embodiments, when the output 501 equals to 1,
the corresponding patient may be determined having atrial
fibrillation relating to NPV trigger origin. When the output
501 equals to O, the corresponding patient may not be
determined having atrial fibrillation relating to NPV trigger
origin.

FIG. 3 illustrate a flowchart of an image processing
method according to some embodiments of the present
disclosure. Image processing procedure 200 may include
one or more operations. In some embodiments, the image
processing procedure 200 may include operations 201 to 206
shown in FIG. 3.

In FIG. 3, the image processing procedure 200 may obtain
an input image 101. The input image 101 may be input to the
operation 201. In operation 201, a convolution operation
may be performed with the input image 101 and a convo-
Iution layer (e.g., an input layer). The operation 201 may
include a zero-padding operation, a batch normalization, or
a rectified linear unit (Rel.U) operation.

In operation 201, the convolution layer may include a 7*7
filter; the filter of the convolution layer may include one or
more channels. For example, a 7*7 filter having 7 channels
may include 7*7*7 values used for a convolution operation.
Such 7*7*7 values may be determined by a training method
of machine learning, e.g., a back-propagation algorithm of a
convolution neural network.

After operation 201, a feature map may be generated. The
feature map may include one or more channels. The number
of the channels of the generated feature map may be
determined in accordance with the number of the channels
of the convolution layer.

The feature map generated from the operation 201 may be
input to the operation 202. In operation 202, one or more
convolution operations may be performed the input feature
map and one or more convolution layers. In some embodi-
ments, the operation 202 may include 6 convolution layers,
and 6 convolution operations may be performed the input
feature map and 6 convolution layers. The operation 202
may include a batch normalization, or a rectified linear unit
(ReLU) operation.

In operation 202, each convolution layer may include a
3*3 filter having 64 channels. For example, a 3*3 filter
having 64 channels in a convolution layer may include
3*3%64 values used for a convolution operation. Such
3*3%*64 values in each convolution layer may be determined
by a training method of machine learning, e.g., a back-
propagation algorithm of a convolution neural network.
After operation 202, a feature map may be generated. The
feature map may include one or more channels, e.g., 64
channels.
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The feature map generated from the operation 202 may be
input to the operation 203. In operation 203, one or more
convolution operations may be performed the input feature
map and one or more convolution layers. In some embodi-
ments, the operation 203 may include 8 convolution layers,
and 8 convolution operations may be performed the input
feature map and 8 convolution layers. The operation 203
may include a batch normalization, or a rectified linear unit
(RelLU) operation.

In operation 203, each convolution layer may include a
3*3 filter having 128 channels. For example, a 3*3 filter
having 128 channels in a convolution layer may include
3*3%128 values used for a convolution operation. Such
3*3%128 values in each convolution layer may be deter-
mined by a training method of machine learning, e.g., a
back-propagation algorithm of a convolution neural net-
work. After operation 203, a feature map may be generated.
The feature map may include one or more channels, e.g., 128
channels.

The feature map generated from the operation 203 may be
input to the operation 204. In operation 204, one or more
convolution operations may be performed the input feature
map and one or more convolution layers. In some embodi-
ments, the operation 204 may include 12 convolution layers,
and 12 convolution operations may be performed the input
feature map and 12 convolution layers. The operation 204
may include a batch normalization, or a rectified linear unit
(RelLU) operation.

In operation 204, each convolution layer may include a
3*3 filter having 256 channels. For example, a 3*3 filter
having 256 channels in a convolution layer may include
3*3%256 values used for a convolution operation. Such
3*%3%256 values in each convolution layer may be deter-
mined by a training method of machine learning, e.g., a
back-propagation algorithm of a convolution neural net-
work. After operation 204, a feature map may be generated.
The feature map may include one or more channels, e.g., 256
channels.

The feature map generated from the operation 204 may be
input to the operation 205. In operation 205, one or more
convolution operations may be performed the input feature
map and one or more convolution layers. In some embodi-
ments, the operation 205 may include 6 convolution layers,
and 6 convolution operations may be performed the input
feature map and 6 convolution layers. The operation 205
may include a batch normalization, or a rectified linear unit
(RelLU) operation.

In operation 205, each convolution layer may include a
3*3 filter having 512 channels. For example, a 3*3 filter
having 512 channels in a convolution layer may include
3*3%512 values used for a convolution operation. Such
3*3%512 values in each convolution layer may be deter-
mined by a training method of machine learning, e.g., a
back-propagation algorithm of a convolution neural net-
work. After operation 205, a feature map may be generated.
The feature map may include one or more channels, e.g., 512
channels.

A low-level feature map may indicate a feature map
generated with few convolution operations. The feature map
generated by the operation 201 may be a low-level feature
map. The low-level feature map may include the image
features like edges, corners, or pattern of an object.

A high-level feature map may indicate a feature map
generated with much convolution operations. The feature
map generated by the operation 205 may be a high-level
feature map. The high-level feature map may be main bases
for identifying a desired object in an image.
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In some embodiments, the feature map generated by the
operation 201 (e.g., a low-level feature map) and the feature
map generated by the operation 205 (e.g., a high-level
feature map) may be added or summed. The addition or sum
of the low-level feature map and the high-level feature map
may decrease the data loss in high frequency. The addition
or sum of the low-level feature map and the high-level
feature map may emphasize the contrast and details of the
output feature map. The addition or sum of the low-level
feature map and the high-level feature map may achieve
better distinction between different tissues or structures.

The addition or sum of the low-level feature map and the
high-level feature map may be input to the operation 206.
Operation 206 may include a binary output layer and a
SoftMax layer, and operations may be performed with the
input feature map and a binary output layer and a SoftMax
layer.

The output of operation 206 (or the output of image
processing procedure 200) may include outputs 301 and
302. Each of the outputs 301 and 302 may be a probability
value. The sum of the outputs 301 and 302 may equal to 1.
In some embodiments, one of the outputs 301 and 302 may
indicate the probability that the input image 101 relates to a
non-pulmonary vein (NPV) trigger origin; the other of the
outputs 301 and 302 may indicate the probability that the
input image 101 relates to a pulmonary vein (PV) trigger
origin. In some embodiments, when the probability that
input image 101 relates to a NPV trigger origin is greater
than 0.5, the input image 101 may be determined as relating
to a NPV trigger origin.

In some embodiments of the present disclosure, the image
processing procedure 200 may be a convolution neural
network fixed by the pre-train model and update a convo-
Iution neural network’s weight by the back-propagation
algorithm. Operations to process the training data set for
training the convolution neural network may be illustrated in
FIG. 4.

In operation 401, the images of 521 paroxysmal atrial
fibrillation (AF) patients are obtained. The images of the 521
patients are the eligible PVCT images. The images of the
521 patients are obtained before performing ablation (e.g.,
catheter ablation).

In operation 402, the images of 163 patients are discarded
from the images of the 521 patients. Atrial fibrillation
recurrence occurs to the 163 patients after performing abla-
tion. In some embodiments, the atrial fibrillation recurrence
may occur to the 163 patients within a predetermined time
period (e.g., 1 year) from the date of performing ablation.

In operation 403, 23683 images of 358 patients are
included to train the prediction module or the convolution
neural network. The 23683 images are the eligible PVCT
images. The 23683 images are obtained before performing
ablation. In some embodiments, no atrial fibrillation recur-
rence occurs to the 358 patients within a predetermined time
period (e.g., 1 year) from the date of performing ablation.
This may indicate that ablation is helpful for the 358
patients.

In operation 404, a portion of the 358 patients are divided.
298 patients are divided from the 358 patients. The 298
patients may be with only PV trigger origins. The 298
patients may relate to only PV trigger origins.

In operation 405, a portion of the 358 patients are divided.
60 patients are divided from the 358 patients. The 60 patients
may be with NPV trigger origins. The 60 patients may relate
to NPV trigger origins.

In operation 406, a portion of the 358 patients are divided
as a training set. 290 patients are divided from the 358
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patients as a training set. The 290 patients include some
patients relating to only PV trigger origins and some patients
relating to NPV trigger origins. The ratio of the patients
relating to only PV trigger origins to the patients relating to
NPV trigger origins may be predetermined or random.
17340 images are obtained from the 290 patients. The 17340
images corresponding to the 290 patients are used as a
training set to train the prediction module or the convolution
neural network.

In operation 407, a portion of the 358 patients are divided
as an internal validation set. 33 patients are divided from the
358 patients as a validation set. The 33 patients include some
patients relating to only PV trigger origins and some patients
relating to NPV trigger origins. The ratio of the patients
relating to only PV trigger origins to the patients relating to
NPV trigger origins may be predetermined or random. 3491
images are obtained from the 33 patients. The 3491 images
corresponding to the 33 patients are used as an internal
validation set to validate whether the prediction module or
the convolution neural network is convergent, overfitting,
underfitting, or stable. Some hyperparameter of the predic-
tion module or the convolution neural network may be
adjusted according to the validation result.

In operation 408, a portion of the 358 patients are divided
as a test set. 35 patients are divided from the 358 patients as
a test set. The 35 patients include some patients relating to
only PV trigger origins and some patients relating to NPV
trigger origins. The ratio of the patients relating to only PV
trigger origins to the patients relating to NPV trigger origins
may be predetermined or random. 2852 images are obtained
from the 35 patients. The 2852 images corresponding to the
35 patients are used as a test set to test the result of the
prediction module or the convolution neural network. The
test results may be discussed in FIGS. 5A to 6B.

Through the image processing procedure 200 (as shown
in FIG. 1 or 3) or the processing procedure 400 (as shown
in FIG. 2) of the present disclosure, the outcomes may be
categorized into true positive (TP) type, true negative (TN)
type, false positive (FP) type, and false negative (FN) type.
Based on the four types of outcome, the, the quantitative
indicators for evaluating the results of machine learning
include the following:

Accuracy=(TP+TN)/(TP+FP+FN+TN);

Precision=TP/(TP+FP),

e.g., indicating the proportion of positive outcomes that are
correctly identified;

Recall=TP/(TP+FN),

e.g., indicating the proportion of actually positive cases that
are correctly identified;

F1 score=2/((1/Precision)+(1/Recall)),

e.g., a harmonic mean of the accuracy and the recall;
Sensitivity=TP/(TP+FN),

same as the recall;
Specificity=TN/(FP+TN),

indicating the proportion of actually negative cases that are
correctly identified.

Through the image processing procedure 200 (as shown
in FIG. 1 or 3) of the present disclosure, a TP outcome may
indicate that an image relating to a NPV ftrigger origin is
determined or predicted as relating a NPV trigger origin. A
TN outcome may indicate that an image relating to a PV
trigger origin is determined or predicted as relating a PV
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trigger origin. A FP outcome may indicate that an image
relating to a PV trigger origin is determined or predicted as
relating a NPV trigger origin. A FN outcome may indicate
that an image relating to a NPV trigger origin is determined
or predicted as relating a PV trigger origin. Through the
image processing procedure 200 of the present disclosure,
the accuracy indicates the rate (or probability) that an image
is correctly predicted or determined. The sensitivity indi-
cates the rate (or probability) that an image relating to a NPV
trigger origin is correctly determined or predicted. The
specificity indicates the rate (or probability) that an image
relating to a PV trigger origin is correctly determined or
predicted.

Through the image processing procedure 400 (as shown
in FIG. 2) of the present disclosure, a TP outcome may
indicate that a plurality of images from a patient relating to
a NPV trigger origin is determined or predicted as relating
a NPV trigger origin. A TN outcome may indicate that a
plurality of images from a patient relating to a PV trigger
origin is determined or predicted as relating a PV trigger
origin. A FP outcome may indicate that a plurality of images
from a patient relating to a PV trigger origin is determined
or predicted as relating a NPV trigger origin. A FN outcome
may indicate that a plurality of images from a patient
relating to a NPV trigger origin is determined or predicted
as relating a PV trigger origin. Through the image process-
ing procedure 400 of the present disclosure, the accuracy
indicates the rate (or probability) that a plurality of images
from a patient is correctly predicted or determined. The
sensitivity indicates the rate (or probability) that a plurality
of images from a patient as relating to a NPV trigger origin
is correctly predicted or determined. The specificity indi-
cates the rate (or probability) that a plurality of images from
a patient as relating to a PV trigger origin is correctly
predicted or determined.

In this case, for each image (e.g., a PVCT image), the
accuracy is 82.4+2.0%, the sensitivity is 64.3+5.4%, and the
specificity is 88.4x1.9%. In this case, for each set of images
from a patient (e.g., a set of PVCT images), the accuracy is
88.6+2.3%, the sensitivity is 75.0+5.8%, and the specificity
is 95.7+1.8%.

The numbers of paroxysmal AF patients and the number
of'images shown in FIG. 4 may be changed depending on the
pre-train model used, the resolution of images, the setting of
hyper-parameters, the number of images, etc., and thus are
not limited to the above embodiments.

FIGS. 5A and 5B illustrate the receiver operating char-
acteristic (ROC) curves according to some embodiments of
the present disclosure. FIG. 5A illustrate the ROC curve for
each image (e.g., each PVCT image) through the image
processing procedure 200. FIG. 5A illustrate the ROC curve
for each patient through the image processing procedure
400.

The dash line in FIG. 5A indicates the result of randomly
guessing whether each image relates to NPV trigger origin
or PV trigger origin. The dash line in FIG. 5B indicates the
result of randomly guessing whether each patient relates to
NPV trigger origin or PV ftrigger origin. The solid line in
FIG. 5A may indicate the ROC curve of image processing
procedure 200. The solid line in FIG. 5B may indicate the
ROC curve of image processing procedure 400. Since both
the ROC curves of the image processing procedure 200 and
400 are disposed above the dash line, the determination or
prediction results of the image processing procedure 200 and
400 are much better than random guesses.

Ifthe area under the curve (AUC) equals 0.5 (e.g., the area
under the dash line of FIG. 5A or 5B), the determination or
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prediction equals random guess. If the AUC is greater than
0.5, the determination or prediction is better than a random
guess. If the AUC is lower than 0.5, the determination or
prediction is worse than a random guess. If the AUC equals
1, the determination or prediction is perfect (i.e., all deter-
minations or predictions are correct). In FIG. 5A, the AUC
equals 0.8210.01. In FIG. 5B, the AUC equals 0.8810.07. The
determination or prediction results of the image processing
procedure 200 and 400 are much better than random
guesses.

FIGS. 6A and 6B illustrate the confusion matrices accord-
ing to some embodiments of the present disclosure. FIG. 6A
illustrates the confusion matrix of test results in images (e.g.,
PVCT images). FIG. 6A illustrates the confusion matrix of
test results of image processing procedure 200. FIG. 6B
illustrates the confusion matrix of test results in all tested
patients. FIG. 6B illustrates the confusion matrix of test
results of image processing procedure 400.

In FIG. 6A, the y-axis indicates the actual trigger origin
to which an image relates, including two values: NPV
trigger origin and PV trigger origin. The x-axis indicates the
predicted (or determined) trigger origin to which an image
relates, including two values: NPV trigger origin and PV
trigger origin. The square with darker color indicates more
cases. For example, the number shown in the left upper
square (i.e., 448) indicates the cases that an image actually
relating to NPV trigger origin is predicted or determined as
relating to NPV trigger origin. The number shown in the left
lower square (i.e., 252) indicates the cases that an image
actually relating to PV trigger origin is predicted or deter-
mined as relating to NPV trigger origin. The color in the left
upper square is darker than that in the left lower square
because the cases in the left upper square is more than that
in the left lower square. The left upper square and the right
lower have much darker color than other squares. This may
indicate that the accuracy of the test results in images
(through image processing procedure 200) is high.

In FIG. 6B, the y-axis indicates the actual trigger origin to
which a patient relates, including two values: NPV trigger
origin and PV trigger origin. The x-axis indicates the pre-
dicted (or determined) trigger origin to which a patient
relates, including two values: NPV trigger origin and PV
trigger origin. The square with darker color indicates more
cases. For example, the number shown in the left upper
square (i.e., 9) indicates the cases that a patient actually
relating to NPV trigger origin is predicted or determined as
relating to NPV trigger origin. The number shown in the left
lower square (i.e., 1) indicates the cases that a patient
actually relating to PV trigger origin is predicted or deter-
mined as relating to NPV trigger origin. The color in the left
upper square is darker than that in the left lower square
because the cases in the left upper square is more than that
in the left lower square. The left upper square and the right
lower have much darker color than other squares. This may
indicate that the accuracy of the test results in patients
(through image processing procedure 400) is high.

FIG. 7 illustrates a system 700 according to some embodi-
ments of the present disclosure. The system 700 may include
a user terminal 710, a database 720, and a server terminal
730. The user terminal 710 may include a processor 711 and
a memory 712. The memory 712 may store instructions or
command to perform the procedures or operations of the
present disclosure. The data base 720 may include a pro-
cessor 721 and a memory 722. The memory 722 may store
instructions or command to perform the procedures or
operations of the present disclosure. The data base 730 may
include a processor 731 and a memory 732. The memory
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732 may store instructions or command to perform the
procedures or operations of the present disclosure. In some
embodiments, the user terminal 710, the data bases 720, and
the server terminal 730 may further include communication
units 713, 723, and 733 such that the user terminal 710, the
data bases 720, and the server terminal 730 may communi-
cate (e.g., transmit, receive, input, output, and access data)
with each other.

In some embodiments, the user terminal 710 may access
data from the data base 720 for a user’s use (e.g., for a
physician’s use). For example, the user terminal 710 may
access PVCT images from the data base 720 for a user’s use.
The user terminal 710 may transmit a request to the data
base 720 such the data base 720 may transmit one or more
images selected by the user terminal 710 to the server
terminal 730 for further image processing or trigger origin
prediction. In some embodiments, the user terminal 710 may
transmit a request to the data base 720 such the data base 720
may transmit one or more images associated a patient
selected by the user terminal 710 to the server terminal 730
for further image processing or trigger origin prediction.

When the server terminal 730 receives the request for
image processing and the associated one or more images, the
server terminal 730 may use each of the one or more images
as an input image 101 (as shown in FIG. 1 or 3) and input
each image to the image processing procedure 200 (as
shown in FIG. 1 or 3) to perform image processing. In some
embodiments, when the server terminal 730 receives the
request for image processing and one or more images
associated with the selected patient, the server terminal 730
may use the one or more images as input images 101 (as
shown in FIG. 2) and input the one or more images to the
image processing procedure 400 (as shown in FIG. 2) to
perform image processing.

Through the image processing procedure 200, in response
to each of the selected one or more images received from the
data base 720, the server terminal 730 may generate outputs
301 and 302. Each of the outputs 301 and 302 may be a
probability value. The sum of the outputs 301 and 302 may
equal to 1. In some embodiments, one of the outputs 301 and
302 may indicate the probability that the input image 101
relates to a NPV trigger origin; the other of the outputs 301
and 302 may indicate the probability that the input image
101 relates to a PV trigger origin. In some embodiments,
when the probability that input image 101 relating to a NPV
trigger origin is greater than 0.5, the corresponding input
image 101 may be determined as relating a NPV trigger
origin.

Through the image processing procedure 400, in response
to the one or more images of the selected patient received
from the data base 720, the server terminal 730 may generate
an output 501. The output 501 generated by the image
processing procedure 400 may be a value indicating whether
the one or more images of the selected patient is determined
as relating to at least one NPV trigger origin. For example,
when the output 501 equals to 1, the one or more images of
the selected patient may be determined as relating to at least
one NPV trigger origin. When the output 501 equals to 0, the
one or more images of the selected patient may be deter-
mined as relating to at least one PV trigger origin. In some
embodiments, when more than half of the one or more
images of the selected patient received from the data base
720 are determined or predicted as relating to a NPV trigger
origin, the output 501 may indicate the one or more images
of the selected patient is determined or predicted as relating
to a NPV trigger origin. When less than half of the one or
more images of the selected patient received from the data
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base 720 are determined or predicted as relating to a NPV
trigger origin, the output 501 may indicate the one or more
images of the selected patient is determined or predicted as
relating to a PV trigger origin.

The server terminal 730 may transmit the outputs (the
output 301 and 302 or the output 501) to the database 720
and the user terminal 710. According to the output of the
server terminal 730, the user of the user terminal 710 (e.g.,
physician) may determine whether the atrial fibrillation
(e.g., paroxysmal atrial fibrillation) is caused by NPV trigger
origins or PV trigger origins.

The method according to embodiments of the present
disclosure can also be implemented on a programmed pro-
cessor. However, the controllers, flowcharts, and modules
may also be implemented on a general purpose or special
purpose computer, a programmed microprocessor or micro-
controller and peripheral integrated circuit elements, an
integrated circuit, a hardware electronic or logic circuit such
as a discrete element circuit, a programmable logic device,
or the like. In general, any device on which resides a finite
state machine capable of implementing the flowcharts
shown in the figures may be used to implement the processor
functions of this application. For example, an embodiment
of the present disclosure provides an apparatus for image
processing, including a processor and a memory. Computer
programmable instructions for implementing a method for
processing images are stored in the memory, and the pro-
cessor is configured to perform the computer programmable
instructions to implement the method for processing images.
The method may be a method as stated above or other
method according to an embodiment of the present disclo-
sure.

An alternative embodiment preferably implements the
methods according to embodiments of the present disclosure
in a non-transitory, computer-readable storage medium stor-
ing computer programmable instructions. The instructions
are preferably executed by computer-executable compo-
nents. The non-transitory, computer-readable storage
medium may be stored on any suitable computer readable
media such as RAMs, ROMs, flash memory, EEPROMs,
optical storage devices (CD or DVD), hard drives, floppy
drives, or any suitable device. The computer-executable
component is preferably a processor but the instructions may
alternatively or additionally be executed by any suitable
dedicated hardware device. For example, an embodiment of
the present disclosure provides a non-transitory, computer-
readable storage medium having computer programmable
instructions stored therein. The computer programmable
instructions are configured to implement a method for
processing images as stated above or other method accord-
ing to an embodiment of the present disclosure.

While this application has been described with specific
embodiments thereof, it is evident that many alternatives,
modifications, and variations may be apparent to those
skilled in the art. For example, various components of the
embodiments may be interchanged, added, or substituted in
the other embodiments. Also, all of the elements of each
figure are not necessary for operation of the disclosed
embodiments. For example, one of ordinary skill in the art
of'the disclosed embodiments would be enabled to make and
use the teachings of the application by simply employing the
elements of the independent claims. Accordingly, embodi-
ments of the application as set forth herein are intended to
be illustrative, not limiting. Various changes may be made
without departing from the spirit and scope of the applica-
tion.
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As used herein, the singular terms “a,” “an,” and “the”
may include plural referents unless the context clearly
indicates otherwise. For example, a reference to an elec-
tronic device may include multiple electronic devices unless
the context clearly indicates otherwise.

As used herein, the terms “connect,” “connected,” and
“connection” may refer to an operational coupling or link-
ing. Connected components can be directly or indirectly
coupled to one another through, for example, another set of
components.

Additionally, amounts, ratios, and other numerical values
are sometimes presented herein in a range format. It is to be
understood that such range format is used for convenience
and brevity and should be understood flexibly to include
numerical values explicitly specified as limits of a range, but
also to include all individual numerical values or sub-ranges
encompassed within that range as if each numerical value
and sub-range is explicitly specified.

While the present disclosure has been described and
illustrated with reference to specific embodiments thereof,
these descriptions and illustrations are not limiting. It should
be understood by those skilled in the art that various changes
may be made and equivalents may be substituted without
departing from the true spirit and scope of the present
disclosure as defined by the appended claims. The illustra-
tions may not be necessarily drawn to scale. There may be
distinctions between the artistic renditions in the present
disclosure and the actual apparatus due to manufacturing
processes and tolerances. There may be other embodiments
of the present disclosure which are not specifically illus-
trated. The specification and drawings are to be regarded as
illustrative rather than restrictive. Modifications may be
made to adapt a particular situation, material, composition of
matter, method, or process to the objective, spirit, and scope
of the present disclosure. All such modifications are
intended to be within the scope of the claims appended
hereto. While the methods disclosed herein have been
described with reference to particular operations performed
in a particular order, it will be understood that these opera-
tions may be combined, sub-divided, or re-ordered to form
an equivalent method without departing from the teachings
of the present disclosure. Accordingly, unless otherwise
specifically indicated herein, the order and grouping of the
operations are not limitations of the present disclosure.

In order to further understand the present disclosure, some
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To further understand the present disclosure, more detail
descriptions related to the present disclosure are provided
below.

1. Automated Extraction of Left Atrial Volumes from Two-

Dimensional Computer Tomography Images Using a Deep

Learning Technique

1.1 Abstract
Background: Precise segmentation of the left atrium (LA)

in computed tomography (CT) images constitutes a crucial

preparatory step for catheter ablation in atrial fibrillation

(AF). We aim to apply deep convolutional neural networks

(DCNNSs) to automate the LA detection/segmentation pro-

cedure and create three-dimensional (3D) geometries.

Methods: Five hundred eighteen patients who underwent
procedures for circumferential isolation of four pulmonary
veins were enrolled. Cardiac C T images (from 97 patients)
were used to construct the LA detection and segmentation
models. These images were reviewed by the cardiologists
such that images containing the LA were identified/seg-
mented as the ground truth for model training. Two DCNN’s
which incorporated transfer learning with the architectures
of ResNet50/U-Net were trained for image-based LA clas-
sification/segmentation. The LA geometry created by the
deep learning model was correlated to the outcomes of AF
ablation.

Results: The LA detection model achieved an overall
99.0% prediction accuracy, as well as a sensitivity of 99.3%
and a specificity of 98.7%. Moreover, the LA segmentation
model achieved an intersection over union of 91.42%. The
estimated mean LA volume of all the 518 patients studied
herein with the deep learning model was 123.3+40.4 ml. The
greatest area under the curve with a LA volume of 139 ml
yielded has a positive predictive value of 85.5% without
detectable AF episodes over a period of one year following
ablation.

Conclusions: The deep learning provides an efficient and
accurate way for automatic contouring and LA volume
calculation based on the construction of the 3D LA geom-
etry.

Keywords: atrial fibrillation, deep learning, artificial intel-
ligence, left atrium, segmentation.
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Abbreviations

AF atrial fibrillation

Al artificial intelligence

AUC area under the curve

BSA body surface area

CCHIA Collaboration Center of Health Information

Application

CFAE complex fractionated atrial electrogram

CI confidence interval

CNN convolutional neural network

CT computed tomography

DCNNs deep convolutional neural networks

HR hazard ratio

ICD International Classification of Disease

ILSVRC ImageNet Large Scale Visual Recognition Chal-

lenge

IoU intersection over union

LA left atrium

LV left ventricle

NPV non-pulmonary vein

PV pulmonary vein

PVCT pulmonary vein computed tomography

PVI pulmonary vein isolation

ReLU rectified linear unit

ROC receiver operating characteristics

2D two-dimensional

3D three-dimensional
1.2 Introduction

Artificial intelligence (Al) is a specific field of computer
science that aims to execute human-level cognitive tasks by
emulating the human learning capacity, knowledge storage,
and thought processes. Amount the advance techniques of
Al, deep learning constitutes a rapidly developing technol-
ogy that is capable of approximating highly complicated
relationships among a massive amount of multivariate fea-
tures, including unstructured data such as images.

The presence of atrial fibrillation (AF) will increase the
risk of ischemic stroke by a factor of five times, heart failure
by a factor of three times, and may lead to dementia and
death. In the current era, circumferential pulmonary vein
isolation (PVI) is the cornerstone of AF ablation. In previous
investigations, the left atrium (LA) was shown to be the
primary anatomic structure for the maintenance of AF. Many
anatomic LA features have been investigated and correlated
to clinical outcomes, and have been found particularly
important for the prediction of AF recurrence after radiof-
requency catheter ablation, including greater intervenous
ridge lengths and larger LA volumes. In this study, we
applied deep learning techniques for LA detection and
segmentation of pulmonary vein computed tomography
(PVCT) images. After the segmentation of the LA in each
studied slice, the three-dimensional (3D) geometry was
automatically created. The LA volume calculated based on
the 3D geometry was quantified and correlated correlate
with the clinical prognosis. Two deep convolutional neural
networks (DCNNs) based on transfer learning techniques
were established using different model architectures were
established. Our study aims to achieve accurate segmenta-
tion of the LA based on the use of PVCT images with a
pre-trained ResNet50 neural network classifier, and to depict
the contours of the LA-based on a modified U-Net with
preprocessed images.

1.3 Methods

This study was approved by the Institutional Review
Board at Taipei Veterans General Hospital, Taipei, Taiwan
(VGH-IRB Number: 2013-08-002AC #1), “Machine learn-
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ing in predicting treatment and the impact of atrial fibrilla-
tion”. The patient records/information was anonymous and
de-identified prior to analysis.

1.3.1 Study Population and PVCT Datasets

Five hundred and eighteen patients were included in the
study with symptomatic drug-refractory paroxysmal AF
who received radiofrequency catheter ablation between May
1, 2005, and Nov. 30, 2017. This retrospective observational
study was performed based on the analysis of the registry of
PVCT at the Taipei Veterans General Hospital database.
PVCT was performed before catheter ablation in all the
studied patients. The indications for PVCT included the
pre-operative assessment of patients with atrial fibrillation
who were planned to undergo catheter ablation, and the
evaluation of the LA. PVCT slices (with a thickness of 1-3
mm each, 20-200 slices for each patient, and a total of 38603
images for all 518 patients) were used in the deep learning
process for LA detection and segmentation. All patients had
sinus rhythms during scanning and during the end-diastolic
LA phase. Based on the study of these patients, this phase
appeared to have the largest LA volume, and was used for
assessments.

Clinical variables, including past medical histories, risk
factors, co-morbidities, and medications, were obtained
from the medical records of the primary/secondary referral
hospitals, outpatient visits, emergency visits, the Collabo-
ration Center of Health Information Application (CCHIA),
and the Ministry of Health and Welfare in Taiwan. The Ninth
and Tenth Revisions of the International Classification of
Disease (ICD-9 and ICD-10) codes were also used to
identify the presence of underlying diseases, including dia-
betes mellitus, hypertension, coronary artery disease, heart
failure, chronic kidney disease, liver disease, myocardial
infarction, and valvular heart disease.

1.4 Deep Learning for LA Image Classification, Segmenta-
tion, and 3D Geometry Creation

The details of PVCT training datasets and image prepro-
cessing were described in the supplementary text (Supple-
mentary Text—PVCT Training Datasets For LA Detection
and Segmentation/Image Preprocessing).

1.4.1 Image Classification Model

For image classification, a convolutional neural network
(CNN) was adopted as the fundamental image classification
approach in this study by leveraging the transfer learning
technique using the fastai library (version 1.0). In doing so,
ResNet50, the winner of the 2015 ImageNet Large Scale
Visual Recognition Challenge (ILSVRC), was selected as
the base pretrained model. Accordingly, its initial feature
extraction part was retained and its final classification part
(in this case the last two layers) replaced with a customized
deep neural network classifier. The classifier consisted of
one set of concatenated average/maximum pooling layers,
followed by a flatten layer and two sets of batch normal-
ization, dropout, and linear transformation layers. In addi-
tion, two types of nonlinear activation functions, a rectified
linear unit function (ReLLU) and a log of SoftMax function,
were respectively applied after the two linear transformation
layers. In this way, the feature vector outputs from the base
pretrained model were fed into the customized deep neural
network classifier to yield binary predictions (i.e., with/
without the LA). For medical image analysis, this transfer
learning approach using models pretrained on a massive
number of other types of images (e.g., natural images) has
the advantage of overcoming the often limited data volumes
of medical images. Accordingly, it has been reported to be
more accurate and robust compared to neural network
models established afresh solely based on medical images.
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The details of training techniques using data augmenta-
tion and optimization of learning rate to achieve a better
performance of the deep learning model were described in
the supplementary text (Supplementary Text—Data Aug-
mentation and Optimization of Learning rate).

1.4.2 Image Segmentation Model

For image segmentation, a modified U-Net architecture in
combination with transfer learning techniques was adopted
to improve the performance of the typical U-Net architec-
ture.

As in the case of image classification, data augmentation
(random shifting, rotating, zooming, and/or flipping of the
images) was applied to improve model generalizability.
Moreover, as the image segmentation models target the
prediction of fine-grained contours rather than the image
categories, image deformation was further implemented to
accelerate the generalizability of the model in this respect.
The formula used for the evaluation of the predicted results
in this study was the intersection over union (IoU), and was
defined as the area of overlap over the area of union
(Supplementary Text—The Model Training of LA Segmen-
tation and IoU).

1.4.3 Step-by-Step Generation of LA Geometry with a Deep
Learning Model

After the setup of the LA classification and LA segmen-
tation models, the generation of the 3D geometry of LA was
efficient and time-saving. Firstly, PVCT images from 421
patients (total of 518 patients minus 97 patients used in the
model training, validation, and testing groups) were input
into the deep learning models to select the PVCT images
which contained the LLA. Secondly, among the selected
PVCT images with LA, LA segmentation of each slice was
carried out using the LA segmentation model. Finally, a 3D
LA geometry was created based on the combination of all
the two-dimensional (2D) PVCT slices with an interslice
interval of approximately 1-3 mm. The formula of linear
interpolation was used for the optimization of the 3D model
geometry. The LA volume was calculated automatically
after the construction of the 3D model of LA. The step-by-
step algorithm for LA classification, LA segmentation, and
LA 3D geometry creation, based on the use of deep learning
approach, are shown in FIG. 8. FIG. 8 shows the flowchart
of building 3D geometry of LA and LA segmentation by
deep learning
1.4.4 AF Ablation

After providing written informed consent, all patients
underwent a standardized electrophysiological study which
was performed in a fasting state. Prior to the electrophysi-
ological study and ablation procedure, all antiarrhythmic
agents except for amiodarone were withdrawn for at least
five half-lives. The detailed procedure of catheter ablation
employed in our patients has been described in detail
previously.

1.4.5 Post-Ablation Follow-Up

The details of post-ablation follow-up were described in
the supplementary text (Supplementary Text—Post-ablation
Follow-up).

1.4.6 Statistical Analyses

Patient characteristics are expressed as mean f standard
deviation for continuous variables, and as frequency (per-
centage) for categorical variables. Continuous and categori-
cal variables were compared using the Student’s t-test and
the chi-square test with Yates’ correction. Proportions were
compared using the chi-square test or the exact Fisher test.
Kaplan-Meier survival curve analyses with log-rank tests
were applied to examine the survival in cases free from
recurrence. Multivariate Cox proportional hazards regres-
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sion included variables with P<0.1 on univariate analysis
with results expressed as hazard ratios (HRs) with 95%
confidence intervals (Cls). Statistical significance was set at
P<0.05. Statistical analyses were performed using SPSS
(version 18.0, SPSS Inc., Chicago, IL, USA).
1.5 Results
1.5.1 Baseline Characteristics of Studied Patients

The baseline characteristics of the studied patients are
shown in Table 1. The mean age of the study population was
54.2£11.0 years, and 365 patients (70.5%) were male
patients. All patients received circumferential isolation of all
four pulmonary veins (PVs), 66 (12.7%) received additional
LA linear ablation, and 20 (3.9%) patients received complex
fractionated atrial electrogram (CFAE) ablation. Further-
more, non-pulmonary vein (NPV) triggers were present in
96 patients (18.5%). Table 1 shows the baseline character-
istics of paroxysmal AF patients.

TABLE 1
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1.5.2 LA Image Segmentation

Overall, U-Net with pretrained models on the split data-
set, displayed a faster convergence speed and an overall
improved IoU than its non-transfer-learning counterpart. It
is also notable that the IoU of the images with traditional
data augmentation and deformation exceeded a 90% level
(up to 91.4%) on the test set. The ground truth of LA
segmentation and U-Net of LA segmentation are shown in
FIG. 10.

FIG. 10 illustrates the ground truth and U-Net LA seg-
mentation. The left part of FIG. 10 shows the cardiac image
before contouring. The right part of FIG. 10 shows the
cardiac image after contouring. One portion was the area
associated with U-Net. Some portions are the area delineated
as the ground truth. A large portion denotes the overlapping
area and leads to an Intersection over Union (IoU) estimate
of 91.4%.

AF with recurrence  AF without recurrence Total

Baseline characteristics (N =254) (N = 264) (N =518) P value
Age, years 55.1+£10.8 534 +11.2 5342 = 11.0 0.082
Men, n (%) 188 (74.0) 177 67.0) 365 (70.5) 0.082
BMI (kg/m?) 25239 244 45 248 4.2 0.043
BSA (m?) 1.82 £0.26 1.75 £ 0.29 1.78 = 0.28 0.008
HTN, n (%) 121 (47.6) 128 (48.5) 249 (48.1) 0.847
Hyperlipidemia, n (%) 73 (28.7) 77 (29.2) 150 (29.0) 0.915
DM, n (%) 33 (13.0) 30 (11.4) 63 (12.2) 0.571
CAD, n (%) 55 (21.7) 49 (18.6) 104 (20.1) 0.380
CHEF, n (%) 16 (6.3) 4 (1.5) 20 (3.9) 0.005
Old ischemic stroke/TIA, n (%) 10 (3.9) 5(1.9) 15 (2.9) 0.166
Hyperthyroidism, n (%) 35 (13.8) 32 (12.1) 67 (12.9) 0.574
CHADS, 09 +09 0.8 0.9 08 0.9 0.477
CHA,DS,-VASc 1.2 =11 1.1 =10 1.2 £1.0 0.483
LA volume (ml) 136.7 £ 46.0 110.3 = 28.9 123.3 £40.4 <0.001
LA volume/BSA (ml) 75.5 269 62.1 = 16.0 68.8 +23.0 <0.001
Echocardiographic parameters

LAD (mm) 393 +63 36753 38059 <0.001
LVEF (%) 59.6 £5.9 39.7 6.8 597 £ 6.3 0.793
NPV triggers, n (%) 45 (17.7) 51 (19.3) 96 (18.5) 0.639
Repeat procedure 66 (26.0) 57 (21.6) 123 (23.7) 0.240
Ablation procedures in index procedure

CFAE 10 (3.9) 10 (3.8) 20 (3.9) 0.930
Linear ablationt 43 (16.9) 23 (8.7) 66 (12.7) 0.005

Values are numbers and percentage (%) of the variables + standard deviation.
Abbreviations:

BMI, body mass index; BSA, body surface area; CAD, coronary artery disease; CFAE, complex fractionated atrial electrogram; CHF, chronic
heart failure; DM, diabetes mellitus; HTN, hypertension; LA, left atrium; LAD, left atrial diameter; LVEF, left ventricular ejection fraction;

NPV, non-pulmonary vein; TIA, transient ischemic attack.
FLinear ablation including LA roof line, mitral line, septal line and CS line.

1.5.2 LA Image Classification

Among the 518 patients, 5894 images from 77 patients
were included in the training and validation groups for the
LA classification model. A total of 20 patients and 1431
images were used for the test group. The training model of
LA classification in the test group achieved an overall 99.0%
accuracy, with an F1 score of 99.2%, a sensitivity rate of
99.3%, a specificity of 98.7%, a positive predictive value of
99.0%, and a negative predictive value of 99.0%. The
confusion matrix for the final prediction results in the test
group was shown in FIG. 9.

FIG. 9 illustrates the ROC (receiver operating character-
istics) curve and the confusion matrix for the left atrial (LA)
image classification. The results of confusion matrix delin-
eated accuracy 99.0%, sensitivity 99.3%, specificity 98.7%,

positive predictive value 99.0% and negative predictive
value 99.0%.
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1.5.3 Step-by-Step Creation of LA Geometry by Deep
Learning and Clinical Applications

The automatically calculated mean LA volume from all
518 patients was 123.3 { 40.4 ml with deep learning based
on the created 3D LA geometry. The receiver operating
characteristics (ROC) curves were plotted for the LA vol-
ume and LA volumes normalized by the body surface area
(BSA), which were estimated by multislice PVCT images,
to predict post-ablation AF recurrence over periods of 1 and
2 years (The area under the curve [AUC] of prediction in AF
recurrence with LA volume/[LA volume/BSA] over periods
of' 1 and 2 years were 0.742/0.736 and 0.696/0.684, respec-
tively) (FIGS. 11A and 11B). A ROC curve is also plotted to
show the LA diameter which was measured based on
transthoracic echocardiographic data to predict post-ablation
AF recurrence over periods of 1 and 2 years (the AUC of
prediction in AF recurrence with LA diameters over periods
of' 1 and 2 years were 0.618 and 0.621, respectively) (FIGS.
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11A and 11B). The LA volume had a better prediction rate
for AF recurrence compared to the LA diameter. The best
predictive power for LA volume occurred 1 year following
the ablation, and it reduced in the second year after the
procedure. The greatest AUC occurred for a LA volume of
139 ml. Patients with LA volumes less than this cut-off value
of 139 ml yielded a positive predictive value of 85.5% in
cases without detectable AF recurrent episodes after the
ablation at one year of follow-up.

FIGS. 11A and 11B illustrate the plotted ROC curves of
LA volume, normalized LA volume to BSA, and LA diam-
eter for AF recurrence. FIG. 11A shows the ROC curves to
predict AF recurrence after catheter ablation at one year of
follow-up. The LA volume has the highest value of AUC of
0.742. FIG. 11B shows the ROC curves to predict AF
recurrence after catheter ablation at two years of follow-up.
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FIGS. 12A and 12B illustrate the plotted curves based on
Kaplan-Meier analysis. FIG. 12A shows the Kaplan-Meier
survival analysis showed that patients with LA volumes
=139 ml were associated with a higher recurrence rate
compared with patients with LA diameters <139 ml after the
blanking period of the catheter ablation. FIG. 12B shows,
among the patients who were recurrence-free 1 year after the
procedure, the LA size was not a practically useful param-
eter for the prediction of recurrence that occurred 1 year later
after the ablation.

1.5.4 Predictors of AF Recurrence

Based on multivariate logistic regression analysis, the LA
volume =139 ml was an independent predictor of recurrence
of AF (HR, 4.27, 95% CI, 2.99-6.11; P<0.001) during a
one-year follow-up period. Detailed results of the univariate
and multivariate Cox regression analyses are listed in Table
2. Table 2 shows the risk of 1-year AF recurrence in total
patients and the patients with LA volume <139 ml.

TABLE 2

Univariate analysis Multivariate analysis*

Hazard Hazard
ratio 95% CI P value ratio 95% CI P value
Risk of 1-year AF recurrence in total patients
Age 1.01  1.00-1.03 0.132
Male 1.15  0.79-1.69 0.468
BMI 1.06  1.01-1.11 0.015 1.02  0.95-1.10 0.558
BSA 230 1.06-5.02 0.036 1.35  0.45-4.05 0.591
HIN 1.17  0.83-1.65 0.366
DM 1.03  0.61-1.74 0.915
CAD 0.92  0.59-1.43 0.715
CHF 153 0.71-3.27 0.278
Old ischemic stroke/TTA 1.71  0.75-3.88 0.200
Hyperthyroidism 1.28  0.80-2.04 0.304
NPV triggers 1.26  0.84-1.91 0.267
CHADS, 1.09  0.90-1.32 0.362
CHA,DS,-VASc 1.14  0.97-1.33 0.112
Linear ablation 173 1.11-2.70 0.015 1.33  0.85-2.09 0.210
LA volume >139 ml 444 3.13-6.29 <0.001 427  2.99-6.11  <0.001
Risk of 1-year AF recurrence in patients with LA volume <139 ml

Age 1.00  0.97-1.02 0.787
Male 0.88  0.50-1.54 0.658
BMI 1.00  0.93-1.06 0.892
BSA 1.11  0.40-3.12 0.837
HIN 077 0.44-1.34 0.356
DM 0.90  0.39-2.10 0.805
CAD 0.69 0.31-1.52 0.353
CHF 0.51  0.07-3.67 0.501
Old ischemic stroke/TTA 3.26  0.79-13.38 0.102
Hyperthyroidism 0.89  0.38-2.07 0.782
NPV triggers 1.05  0.53-2.08 0.899
CHADS, 0.90  0.65-1.26 0.542
CHADS, =3 317  1.14-8.79 0.026 2.88  1.03-8.02 0.043
CHA,DS,-VASc 1.01  0.77-1.33 0.922
Linear ablation 0.83  0.35-1.93 0.657
LA volume 1.01  1.00-1.03 0.095 1.01 1.00-1.02 0.130

4The multivariate regression model was calculated using multiple Cox regression stepwise analysis (included all
1

variables with p <0,

The abbreviations are the same as Table 1.

The LA volume has the highest value of AUC of 0.696.
Please see the context for a detailed description.

At a cutoff value of 139 mm identified by the ROC curve,
the Kaplan-Meier survival analysis showed that patients
with an LA volume of 2139 ml were correlated with a higher
recurrence rate after the blanking period compared with
patients with an LA volume of <139 ml (FIG. 12A). How-
ever, the LA volume was not capable of predicting a

recurrence that occurred 1 year later after the ablation (FIG.
12B).

60

65

In addition, for patients with LA volumes less than 139
ml, the CHA,DS, score =3 (HR, 2.88; 95% CI, 1.03-8.02;
P=0.043) was an independent predictor of the 1-year AF
recurrence (shown in Table 2).

1.6 Discussion
1.6.1 Main Findings

Our deep learning model achieved an accuracy of 99.0%
in LA identification and an IoU of 91.4% in LA segmenta-
tion. The deep learning approach provided an efficient and
accurate way for automatic identification, contouring, and
calculation of LA volumes based on the creation of the 3D
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LA geometry. The LA volume calculated by the deep
learning network can independently predict the recurrence
after the catheter ablation procedure for AF. The LA volume
yielded the best prediction rate of AF recurrence within a
period of 1 year following ablation. The LA volume (for
values >139 ml) was an independent predictor for the 1-year
AF recurrence. In addition, LA volumes <139 ml yielded a
positive predictive rate of 85.5% in cases without detectable
AF recurrent episodes through the 1-year follow-up after
catheter ablation. Among patients with LA volumes <139
ml, the CHA,DS, score =3 was an independent predictor of
the 1-year AF recurrence.

1.6.2 Autodetection, Autosegmentation, and 3D LA Recon-
struction

The reconstruction of the LA 3D geometry is critical for
effective and safe catheter ablation. The coalescence of the
LA geometry and electroanatomic mapping can help achieve
circumferential PVI with better outcomes, reduce radiation
exposure, and shorten the procedural time. For autodetec-
tion, autosegmentation and 3D LA geometry reconstruction
applied to the PVCT images, the deep learning model is
accurate, easily applicable, and time-saving in conjunction
with the use of our deep learning model, and requires only
a few minutes. It provides electrophysiologists with ana-
tomical structures and positional variations to allow a pre-
cise understanding of the anatomical information, and facili-
tates successful ablation. Other than manual contouring of
LA shapes, our Al model offers a more efficient way for
image preparation.

1.6.3 Current Efforts on 3D LA Reconstruction

Artificial intelligence is a subfield of computer science
that emulates human thought processes, learning ability, and
knowledge storage. In the near future, deep learning will use
a cascade of multiple processing layers of neurons to learn
representations of data with multiple levels of abstraction.
Deep learning is a novel machine-learning technique that
plays an important role in fields such as image recognition
(e.g., Facebook’s facial recognition system), speech recog-
nition (e.g., Apple’s Siri), machine vision software in cam-
eras, and in self-driven cars. In medical science, deep
learning applications have been utilized for the detection of
cardiac diseases with high accuracy, such as supraventricu-
lar tachycardia, atrial fibrillation, ventricular tachycardia,
low-ventricular ejection fraction, and in-hospital or out-of-
hospital cardiac death incidents.

In the current era, although a number of research groups
succeeded to segment the four chambers of the heart from
computed tomography (CT) images, their methods were not
fully automated and required a deformation of a prior model
or atlas. Accordingly, it is worth noting that because the
cardiac anatomy varies considerably among individuals, it
requires a nonrigid deformation. The development of seg-
mentation algorithms is challenging owing to the tremen-
dous variation of medical imaging data among individuals.

Additionally, there are still other types of methods which
can be used to segment the heart from CT angiography data.
For example, Dormer et al. recently used CNNs to segment
the four cardiac chambers from CT images with an overall
accuracy of 87.2+£3.3%. Additionally, Cardoso et al. used
full convolutional networks in combination with a statistical
shape model to segment the LA and to separate the LA from
the left ventricle (LV) in CT images. Although they achieved
a Dice coefficient score >93%, their methods hinged on the
application of additional shape constraints and image pro-
cessing procedures, and were associated with a much more
complicated model architecture than the current one.
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1.6.4 LA Size and AF Recurrence after Catheter Ablation

LA size age, hypertension, sleep apnea syndrome, the
type of AF, NPV triggers, and the substrate properties of the
LA, have been reported to be associated with AF recurrence
after ablation. Based on the currently available guidelines,
the most reliable predictors of AF recurrence are the LA
dimensions and PV anatomy. To-this-date, the LA volume is
still considered as an important and independent factor for
post-ablation detection of AF recurrence.

In previous studies, Shin et al. proposed that the LA
volume threshold of 34 ml/m? by transthoracic echocardiog-
raphy was an independent predictor of AF recurrence with a
sensitivity of 70% and a specificity of 91%. Hof et al. also
found that the LA volume was investigated to be an inde-
pendent predictor of AF recurrence compared to PV
anatomy with an adjusted odds ratio of 1.14 for every 10 ml
increase in volume based on the evaluation of CT before
ablation. Notably, LA volume was quantified based on
manual tracings of the LA in 146 AF patients. In another
study, Abecasis et al. reported that an LA volume of 145 ml
was a good threshold for the prediction of AF prediction
using semi-automatic software with the use of atrial endo-
cardial contours in 165 patients with AF. The patients with
LA volumes <145 ml had a 74% positive predictive value of
success after catheter ablation, and were not associated with
detectable AF recurrent episodes during the follow-up over
a period of 16.7 f 6.6 months.

These studies showed the LA volume was an independent
predictor of post-ablation AF recurrence even after multi-
variate analysis. In our study, we found that the LA volume
was highly correlated with the 1-year recurrence after cath-
eter ablation in AF. However, the prediction rate was
decreased in the second year after ablation. At subsequent
time periods, multiple factors could affect the risk of recur-
rence, rendering LA volume as a biomarker with a lesser
impact on recurrence in the second year after ablation.

To the best of our knowledge, this is the first study that
applies deep learning in automatic construction of the 3D
LA geometry to investigate its correlation with clinical
outcomes. Although there were multiple factors influencing
AF recurrence after catheter ablation, the LA volume thresh-
old of 139 ml was an independent predictor for AF recur-
rence. In addition, LA volumes <139 ml yielded a positive
predictive rate of 85.5% in cases without detectable AF
recurrent episodes during the 1-year follow-up period post-
catheter ablation.

1.6.5 Clinical Implication

Our study inferred that LA volume measured based on the
CT geometry was a better predictor in AF recurrence com-
pared to the LA diameter obtained using transthoracic
echocardiography. The automatic identification, contour of
LA, and the construction of the 3D LA geometry based on
our deep learning model yielded a higher accuracy in the
prediction of AF recurrence owing to the PVCT images.
Compared with previous studies, the creation of the LA
geometry and the calculation of LA volume was a semi-
automatic step. Our deep learning model provided a quick
and effective way to automatically create the 3D LA geom-
etry and quantify the LA volume in clinical practice. This
could facilitate the process of catheter ablation, and would
allow the prediction of AF recurrence.

1.6.6 Conclusions

The deep learning model constitutes an efficient and
accurate approach for automatic contouring and calculation
of LA volumes based on the formulation of 3D LA models.
The LA volume measured by the deep learning model could
predict AF recurrence after catheter ablation.
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1.7 Supplementary Text—PVCT Training Datasets for LA
Detection and Segmentation

The PVCT images were saved in the digital imaging and
communications in medicine (DICOM) format with a reso-
Iution of 512x512 pixels, and were retrospectively retrieved
from the picture archiving and communication system
(PACS) of the Taipei Veterans General Hospital after ano-
nymization and following the approval of the hospital’s
institutional research board. The PVCT image datasets were
respectively used to train models for LA detection (dataset
1, comprising data from 97 patients, amounting to 7,325
images in total) and LLA segmentation (dataset 2, comprising
data from 97 patients, amounting to 3,728 images in total).
To establish the ground truth, these images were reviewed
by the cardiologists such that the continuous series of
images which contained the LA were labeled for each
patient (a total of 3,728 images were identified to contain the
LA) for dataset 1, and contours of the LA in the images were
marked upon a corresponding mask image for dataset 2. The
ground truth of the LA chamber was contoured in 97 patients
for the training model by two cardiologists based on the
exclusion of the pulmonary veins and the inclusion of the
left atrial appendage (ILAA). Images in each dataset were
then divided into three subsets, including a training, a
validation, and a test subset (62:15:20 patients for dataset 1
and dataset 2) for model training (Table 3). Table 3 shows
the numbers of PVCT images in the training, validation, and
test groups used for LA classification and LA segmentation
models.

TABLE 3
Training Validation Testing

LA classification model
LA 2431 493 804
Non-LA 2527 443 627
Number of patients 62 15 20

LA segmentation model
Number of images 2431 493 804
Number of patients 62 15 20

1.8 Supplementary Text—Image Preprocessing

Before PVCT images were input to the deep learning
model for training, they were first converted to numeric
arrays with sizes of 512x512. As the range of values may
vary from one image series to another owing to differences
in scanner models/manufacturers, key DICOM tag informa-
tion (e.g., “Rescale Intercept” and “Rescale Slope”) was
extracted from each image to normalize the pixel values to
Hounsfield units (HU). To correct for occasional computer
tomography (CT) metal artifacts which yield unreasonable
HU values (beyond —1024 and 3071, e.g., —3829 or 62984)
during the fast Fourier transform process at the initial PVCT
image reconstruction stage, all pixel values with intensities
smaller than —1024 were replaced with —1024 and those
greater than 3071 were replaced with 3071. Additionally, to
enhance the global image contrast, all PVCT images under-
went histogram equalization and/or windowing, and pixel
values were rescaled to the same range for each of the
classification/segmentation models in this study.
1.9 Supplementary Text—Data Augmentation and Optimi-
zation of Learning Rate

In order to let the model learn more information and
improve model generalizability, we applied data augmenta-
tion (rotating [in the range of —10 degrees to +10 degrees],
zooming the images) to utilize to improve model general-
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izability in the training set. We confirmed the effect was be
improved significantly after emphasizing the two methods of
zooming and rotation by experiments.

In an initial training stage, layers in the base pretrained
model were frozen and only the customized deep neural
network classifier was trained until it was slightly overfitted.
At a later stage, the layers in the base pretrained model were
unfrozen and trained until overfitting was accomplished. To
enhance the searching of an optimal local minimum in the
weight space, cyclically restarting learning rates (also
known as “stochastic gradient descent with restarts”) were
applied in both stages, with the learning rate gradually
decaying from an “initial learning rate” over each cycle. The
cycle length was set at one epoch during the initial stage, and
increased at each subsequent epoch of the later stage to a
value which was twice the length of the previous cycle. In
addition, during the later training stage, the entire model was
divided into three parts, and each was trained with a different
“initial learning rate.” For model training at the initial stage,
the initial learning rate was set at 0.005. For model training
at the later stage, the initial learning rate for the last part of
the model was set at 0.005, and decreased to Y4 of its initial
value at the middle part, and to ¥ of its initial value at the
initial part. This was implemented based on the assumption
that subsequent layers that extract more complicated,
higher-level features, may require more fine-tuning than
early layers that are in charge of more fundamental, lower-
level features.

1.10. Supplementary Text—Model Training of Left Atrial
Segmentation and Intersection over Union

During actual model training, the weights of the feature
extraction part of VGG-16 were frozen, and the remaining
weights of the U-Net were trained in the expansion phase.
Given that the mask values were either 0 or 1, making
predictions on whether a pixel should be labeled as 0 or 1 is
essentially a two-category classification problem. Thus, the
common binary cross-entropy was adopted as the loss
function. The definition is as follows,

1o Equation 1
L@ ===>" (nlog(p)+ (1 - yolog(l - p)
n =1

The formula used for the evaluation of the prediction
outcome in this study is the intersection over union (IoU),
and is defined as follows:

| Azurger (N Bprediction! Equation 2

folU =
|4 7arger U Bpredicrion|

The [oU formula always yields a value between zero and
one. When the IoU value is close to zero, this means that the
predicted result differs considerably from the ground truth.
In addition, when the [oU is close to one, the predicted result
is very similar to the ground truth. As each CT image
corresponds to an IoU value, the average IoU across all
images was used to evaluate the segmentation results.
1.11. Supplementary Text—Ablation Strategy in Paroxys-
mal AF

The catheter ablation of PVI was guided by a 3D-dimen-
sional navigation system with a close (Chilli II, EPT, Boston
Scientific Corporation, Natick, MA, USA) or an open (Cool
Path or FlexAbility™ from St. Jude Medical, St. Paul, MN,
USA, or ThermoCool from Biosense Webster, Irvine, CA,
USA) irrigated tip ablation catheter. Radiofrequency power
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levels up to 25-35 W were deposited for 40 s for each lesion,
with a target temperature below 40° C. Successful PV
isolation was confirmed by obtaining the bidirectional block
at the entrance and exit blocks of the PVs, absence of any
electrical activity inside the PV, or dissociated PV activity
during sinus rhythm. If the AF became organized, electro-
anatomic mapping and radiofrequency ablation of linear
ablation were performed to terminate the corresponding
tachycardia. If AF was inducible after PVI, additional linear
ablation or complex fractionated atrial electrogram (CFAE)
ablation was performed. If AF still persisted after the
completion of the aforementioned procedures, sinus rhythm
was restored with external cardioversion. The location of the
non-pulmonary vein (NPV) focus was evaluated after res-
toration to sinus rhythm during any step of the ablation
procedure. In patients with NPV triggers, catheter ablation
toward the earliest electrical activity, or a local unipolar QS
pattern of the ectopic beat preceding the onset of AF were
performed. The endpoint of the NPV trigger ablation was the
disconnection between the superior vena cava (SVC) and
right atrium (RA) between the coronary sinus (CS) and RA,
and the elimination of other NPV ectopic beats with the
negative provocation of AF. A RA cavotricuspid isthmus
ablation was performed routinely with an 8 mm tip ablation
catheter with a maximum power of 70 W and a temperature
of 70° C. The achievement of the bidirectional conduction
block following a linear ablation procedure was confirmed
with sinus rhythm.

1.12. Supplementary Text—Post-Ablation Follow-Up

After discharge following the index ablation procedure,
the patients were followed up at 2 weeks, and were then
regularly monitored every 1 to 3 months at our cardiology
outpatient clinic. Antiarrhythmic medications were pre-
scribed for 4 to 8 weeks after the procedure to prevent the
early recurrence of AF. The blanking period was defined to
be less than 3 months after ablation. Follow-up with 24 h
Holter monitoring or cardiac event monitoring for 1 week
was performed regularly every 3 months after the ablation
procedure and at any subsequent time in cases at which the
patients experienced symptoms which suggested tachyar-
rhythmia. Long-term efficacy was assessed on the basis of a
resting surface 12-lead electrocardiogram, 24 h Holter moni-
toring records, and/or cardiac event monitoring records
which spanned 1 week. The clinical recurrence of AF was
defined as the occurrence of arrhythmia which lasted longer
than 30 seconds per episode after 3 months following the
ablation procedure, according to the Heart Rhythm Society
Task Force Consensus.>
2. the Clinical Application of the Deep Learning Technique
for Predicting Trigger Origins in Paroxysmal Atrial Fibril-
lation Patients with Catheter Ablation
2.1 Abstract

Background: Non-pulmonary vein (NPV) trigger has
been reported as an important predictor of recurrence post
atrial fibrillation (AF) ablation. Elimination of NPV triggers
can reduce the post-ablation AF recurrence. The deep learn-
ing was applied in pre-ablation pulmonary vein computed
tomography (PVCT) geometric slices to create a prediction
model for NPV triggers in patients with paroxysmal atrial
fibrillation (PAF).

Methods: We retrospectively analyzed 521 PAF patients
who underwent catheter ablation of PAF. Among them,
PVCT geometric slices from 358 non-recurrence AF patients
(1-3 mm interspace per slice, 20-200 slices for each patient,
ranging from the upper border of the left atrium to the
bottom of the heart, for a total of 23683 images of slices)
were used in the deep learning process, the ResNet34 of the
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neural network, to create the prediction model of the NPV
trigger. There were 298 (83.2%) patients with only pulmo-
nary vein (PV) triggers and 60 (16.8%) patients with NPV
triggers+/-PV triggers. The patients were randomly
assigned to either training, validation or test group and their
data allocated according to those sets. The image datasets
were split into training (n=17340), validation (n=3491), and
testing (n=2852) groups, which had completely independent
sets of patients.

Results: The accuracy of prediction in each PVCT image
for NPV trigger was up to 82.4+2.0%. The sensitivity and
specificity were 64.315.4% and 88.4+1.9%, respectively. For
each patient, the accuracy of prediction for NPV trigger can
achieve 88.6x2.3%. The sensitivity and specificity were
75.0£5.8% and 95.7x1.8%, respectively. The area under the
curve (AUC) for each image and patient were 0.82+0.01 and
0.88+0.07, respectively.

Conclusions: The deep learning model using pre-ablation
PVCT can be applied to predict the trigger origins in PAF
patients receiving catheter ablation. The application of this
model may identify patients with a high risk of a NPV
trigger before ablation.

Keywords: atrial fibrillation, deep learning, artificial intel-
ligence, trigger.

2.2 Introduction

In medical science, the application of deep learning
approach of artificial intelligence (Al) has been utilized for
exploring novel genotypes and phenotypes in existing dis-
eases and for detecting diseases with high accuracies, such
as cancers, stroke, tuberculosis and retinal diseases. The
deep learning model has also been widely applied in image
recognition to facilitate clinical practice.

Atrial fibrillation (AF) is mostly triggered by ectopy from
pulmonary veins (PVs). Pulmonary vein isolation (PVI) has
remained the cornerstone in catheter ablation of AF. Non-
pulmonary vein (NPV) foci are also regarded as AF triggers.
The presence of NPV triggers is a critical factor to cause AF
recurrence after catheter ablation and elimination of NPV
triggers could reduce this recurrence rate. It is safe and
effective to apply radiofrequency energy catheter ablation in
NPV foci to eliminate NPV triggers. Therefore, prediction of
the NPV triggers before catheter ablation would provide
important information to physicians and facilitate the abla-
tion procedure. The aim of this study was to create a
prediction model for NPV trigger origin, prior to catheter
ablation, using the deep learning model from pre-ablation
pulmonary vein computer tomography (PVCT) images in
patients with paroxysmal AF.

2.3 Methods

This study was approved by the Institutional Review
Board at Taipei Veterans General Hospital, Taipei, Taiwan
(VGH-IRB Number: 2013-08-002AC #1), “Machine learn-
ing in predicting treatment and the impact of atrial fibrilla-
tion”. The patient records and information were anonymous
and de-identified prior to analysis.

2.3.1 Study Population

This retrospective, observational study was performed by
analyzing the registry of PVCT at the Taipei Veterans
General Hospital database.

A total of 1435 paroxysmal AF patients with pre-ablation
PVCT images who underwent catheter ablation of AF
between Oct. 1, 2004 and Dec. 31, 2017 were included in the
database. Patients with 1) poor quality of the PVCT images
checked independently by two electrophysiologists, 2)
uncertain trigger origins during the ablation procedure and
3) patients lost at follow-up were excluded from the data-
base. Five hundred and twenty-one paroxysmal AF patients
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with eligible pre-ablation PVCT images were randomly
chosen from the database and included in the analyses.
Three hundred fifty eight (68.7%) patients with no recur-
rence during the one-year follow-up post AF ablation were
included in the analysis to develop the trigger prediction
model. Only 12 (7.4%) patients with recurrence experienced
re-do ablation, which did not allow a detailed investigation
of the interaction between NPV trigger prediction and NPV
ablation with respect to recurrence. We were unable to
identify the mechanism for AF recurrence and therefore
patients with AF recurrence after catheter ablation were not
included in the analysis.

PVCT was performed before catheter ablation in every
study patient. The indication for PVCT was preoperative
assessment in patients with AF undergoing catheter ablation
and an evaluation of the structure of the LA. All patients
were in sinus rhythm during scanning and the phase corre-
sponding with the end-diastole of the left atria. Based on the
study of these patients, this phase appeared to have the
largest LA volume for assessment.

Patients without post-ablation recurrence of AF were
divided into 2 groups. One consisted of 298 (83.2%) patients
with only PV triggers, and the other consisted of 60 (16.8%)
patients with NPV triggers with or without PV triggers
group. The PVCT geometric slices (1-3 mm interspace per
slice, 20-200 slices for each patient, ranging from the upper
border of the left atrium to the bottom of the heart, for a total
of 23683 images of slices in 358 non-recurrence AF
patients) were used in the deep learning process for the
prediction of NPV trigger origin. FIG. 13 shows the flow-
chart of patient enrollment in this study. FIG. 13 illustrates
an algorithm of patient enrollment in paroxysmal AF
patients.

The PV trigger was defined as an ectopic premature atrial
beat within PVs which initiates AF. The NPV trigger was
defined as an ectopic premature atrial beat other than PVs,
which initiates AF. The clinical recurrence of AF was
defined as any recurrence of AF lasting longer than 30
seconds per episode after 3 months since ablation, based on
the Heart Rhythm Society Task Force Consensus.

Clinical variables, including past medical histories, risk
factors, co-morbidities, and medications, were obtained
from the medical records of the primary/secondary referral
hospitals, outpatient visits, emergency visits, the Collabo-
ration Center of Health Information Application (CCHIA),
and the Ministry of Health and Welfare in Taiwan. The Ninth
and Tenth Revision of the International Classification of
Diseases (ICD-9 & ICD-10) codes were also used for
identifying underlying diseases including diabetes mellitus,
hypertension, coronary artery disease, heart failure, chronic
kidney disease, liver disease, myocardial infarction, and
valvular heart disease.

2.3.2 AF Ablation

After providing written informed consent, all patients
underwent a standardized electrophysiological study per-
formed in a fasting state. Prior to the electrophysiological
study and ablation procedure, all antiarrhythmic agents
except for amiodarone were withdrawn for at least five
half-lives. The detailed procedure of catheter ablation
employed in our patients has been described in detail
previously. The catheter ablation of PVI was guided by
3-dimensional navigation system with a closed (Chilli II,
EPT, Boston Scientific Corporation, Natick, MA) or an open
(Cool Path or FlexAbility™ from St. Jude Medical, St. Paul,
MN, USA; or ThermoCool from Biosense Webster) irrigated
tip ablation catheter. Radiofrequency energy up to 25-35 W
was applied for 40 seconds for each lesion, with a target
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temperature below 40° C. Successful PV isolation was
confirmed by obtaining a bidirectional block, both the
entrance and exit blocks of the PV, an absence of any
electrical activity inside the PV, or dissociated PV activity
during sinus rhythm. If the AF became organized, electro-
anatomic mapping and radiofrequency ablation of linear
ablation were performed to terminate the corresponding
organized tachycardia. If AF was inducible after PVI, addi-
tional linear ablation or complex fractionated atrial electro-
gram (CFAE) ablation was performed. If AF persisted, sinus
rhythm was restored by external cardioversion. The location
of NPV focus was evaluated after restoration to sinus rhythm
during any step of the ablation procedure. In patients with
NPV triggers, catheter ablation toward the earliest electrical
activity or a local unipolar QS pattern of the ectopic beat
preceding the onset of AF was performed. The endpoint of
the NPV trigger ablation was the disconnection between the
superior vena cava (SVC) and right atrium (RA), as well as
between the coronary sinus (CS) and RA, and elimination of
other NPV ectopic beats with the negative provocation of
AF. A right atrial cavotricuspid isthmus ablation was rou-
tinely performed with an 8-mm-tip ablation catheter with a
maximum power of 70 W and a temperature of 70° C. The
bidirectional conduction block of linear ablation was con-
firmed under sinus rhythm.
2.3.3 Image Processing

Data regarding rescale intercepts and slopes were initially
extracted from corresponding tags in the DICOM files,
based on which image values were standardized to
Hounsfield Units (HU). The unsigned Dec value is O (+Res-
cale Intercept becomes —1024), so its padding pixel value is
-1024. After subtraction of the padding pixels, the distribu-
tion of the image pixel values should not be lower than
-1023. Pixel values between —-1001~-1023 indicate the
errors calculated by the CT instrument for the air HU. The
highest error has a value of more than 3,000 since data
acquisition only takes 12 bits (i.e., 4096 combinations of
0~4095) and, after adding the rescale intercept (-1024), the
error mar range from —-1024 to 3071. HU values less than
-1024 and greater than 3071 were respectively replaced by
-1024 and 3071 to correct for occasional artifacts generated
during PVCT scanning or PVCT image reconstruction.
Further, as different tissues are characterized by different
ranges of HU (e.g., the HU value of water is around 0),
choosing an appropriate pair of window width and window
level may selectively highlight contours of different tissues.
In the current study, to clearly present the complete cardiac
contours, the window width was set at 1400 and the window
level at 500. The PVCT images were rescaled using pixel
values ranging from 0 to 255 and converted into PNG
images. We tested multiple image processing techniques to
enhance image features and validate the training perfor-
mance of the model. Finally, we referred to the pre-process-
ing of the Deep Residual Net (ResNet34) model to convert
pixel values between 0 and 1, and the image size was set at
256x256 pixels before applying the model.
2.3.4 Deep Learning Model in Training/Validation/Test Sets

A total of 23683 slice images obtained from 358 patients
were adopted and tested to develop an AF trigger model by
using the deep learning process of PVCT geometric slices
for the prediction of only PV or NPV+/-PV triggers. The
patients were randomly assigned to either training, valida-
tion or test group and their data allocated according to those
sets. Therefore, the image datasets were split into training
(n=17340), validation (n=3491), and testing (n=2852)
groups. The training, validation, and test datasets had com-
pletely independent sets of patients. The detailed numbers of
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datasets are shown in Table 5. Table 5 shows different types
of data classification for model training in PVCT images.

TABLE 5
Training Validation Testing
AF trigger model (PVCT images)*
PV trigger 15154 2417 2155
NPV trigger 2186 1074 697
All 17340 3491 2852
AF trigger model (Patient numbers)}
PV trigger 253 22 23
NPV trigger 37 11 12
All 290 33 35

Values are numbers.

NPV, non-pulmonary vein; PV, pulmonary vein; PVCT, pulmonary vein computer tomog-
?a]:})jgtyal was trained on the pre-trained ResNet34 model. The value was the number of
}T[{j;egeasrle using the fast.ai library which simplifies the fast and accurate training of neural
nets using modern best practices. The number was counted as persons.

The ResNet of the neural network was the winner of the
2015 ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) and the verification of its validity in a large
number of datasets has provided further support to the
credibility of the model. The ResNet includes several ver-
sions (i.e., 18, 34, 50, 101, and 152) and the number
indicates a different amount of layers. Overfitting is com-
monly observed in the application of deep learning methods
and a version with a smaller number of layers and param-
eters was selected to achieve the best fit and produce
acceptable results. The ResNet34 was selected as a pre-
trained model and its framework was used to capture image
features. The process to extract the key features includes the
following steps: 1) low-level features were extracted using
a 7*7 filter after entering the image into the model, 2) the
low-level features were sequentially processed through six
layers (3*3 filters and 64 channels), eight layers (3*3 filters
and 128 channels), twelve layers (3*3 filters and 256 chan-
nels), and six layers (3*3 filters and 512 channels), which
also allowed to extract high-level features. Low-level and
high-level features of the images can be captured to train the
model after repeated operations on the convolutional neural
network.

The flowchart of the deep learning process is shown in
FIG. 14. Every PVCT image output prediction was given as
a probability. The output probability above 0.5 was consid-
ered as the NPV trigger. To produce a single prediction for
the variable probability of all PVCT images in each patient,
we used a majority vote of the predictions and we are able
to conduct patient-wise receiver operator curve (ROC)
analysis. For example, a patient had a total of 50 slices of
PVCT images and each PVCT image had its own probability
of NPV trigger. If the probability threshold of the PVCT
image was greater than 0.5, the slice was classified as an
NPV trigger. The deep learning model identified an NPV
trigger in a patient if the total number of NPV triggers was
greater than 50% of the total number of PVCT images.

The size of the heart was different between patients and,
as a consequence, the number of slices analyzed in each
patient was also different. The method of the majority vote
of the predictions was applied to determine in each patient
the probability of a single prediction for the variable related
to all the PVCT images. This method is based on the analysis
of the proportion of labeled NPV trigger relative to the total
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PVCT images to determine NPV trigger in each patient and
it is not influenced by the size of the heart.

FIG. 14 illustrates a deep learning training process and
mathematical operation. A total of 23683 PVCT images of
slices from 358 patients (298 patients with only PV triggers
and 60 patients with NPV triggers with or without PV
triggers) undergone data pre-processing before training of
the deep learning model. After data pre-processing, we input
all the PVCT images in the ResNet34 of the neural network
to train the deep learning model. Every PVCT image output
prediction was given as a probability for PV trigger only or
NPV trigger. Every PVCT image output prediction was
given as a probability. The output probability above 0.5 was
considered as the NPV trigger. The PV triggers only indicate
PVCT images from patients who had the only PV trigger
without any NPV trigger. The NPV triggers indicate PVCT
images from patients who had NPV trigger with or without
any PV trigger.

2.3.5 Imbalanced Datasets Management

The data was augmented to correct for imbalanced data-
sets in our AF trigger model. Data augmentation was applied
(rotating by +10 degrees or zooming the images) to improve
model generalizability in the training database by allowing
the model to learn more information. The zooming and
rotation approaches improved the predictive performance
significantly.

Test-time augmentation (TTA) was applied to the valida-
tion set and test databases, which is an approach similar to
data augmentation. This technique involves creating mul-
tiple augmented copies of each image in the validation and
test databases and allowing the model to make a prediction
for each image. The prediction result is based on the
calculation of the average probability for each prediction
using different types of images. The predictions based on the
augmented images can improve the predictive performance.
In addition, image deformation is a common method of data
augmentation, which was applied to increase the amount of
database but, overall, it did not improve the predictive
performance. The cardiac imaging in patients is character-
ized by different angles and shapes. The technique of data
augmentation may change the relative position of each pixel
in the PVCT image and complicate the identification of the
original features. Hence, the image deformation method was
not applied to our model.

2.3.6 Follow-Up Strategy

After discharge following the index ablation procedure,
the patients were followed up at 2 weeks and then regularly
every 1 to 3 months at our cardiology out-patient clinic.
Antiarrthythmic medicines were prescribed for 4 to 8 weeks
after the procedure to prevent the early recurrence of AF.
The blanking period was defined as within 3 months after
ablation.’* Follow-up with 24-hour Holter monitoring or
1-week cardiac event monitoring was performed regularly
every 3 months after the ablation procedure and at any time
if the patients experienced symptoms suggestive of tachyar-
rhythmia. Long-term efficacy was assessed on the basis of
resting surface 12-lead electrocardiograms, 24-hour Holter
monitoring records, and/or 1-week cardiac event monitoring
records.

2.3.7 Statistical Analysis

Statistical analyses were performed by SPSS statistical
software, version 20.0 (SPSS, Inc., Chicago, IL, USA).
Patient characteristics were expressed as meanzstandard
deviation (SD) for continuous variables, and percentages for
categorical variables. Continuous and categorical variables
were compared using the student’s t-test and Pearson’s
chi-square test with Yates’ correction, respectively. An alpha
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error of less than 5% was considered statistically significant.
The bootstrap method was applied to repeatedly sample
(>1000) the prediction results of the test database to calcu-
late the ROC and area under the curve (AUC) and the
respective 95% confidence intervals. The purpose of this
technique was to evaluate the properties of the distribution
in the test group.
2.4 Results
2.4.1 Baseline Characteristics

A total of 358 paroxysmal AF patients (age, 54.2+11.2
years; 243 [67.9%] male) with post-ablation non-recurrence
were enrolled in this study, sixty (16.8%) of whom had NPV
triggers. There were 29 (8.1%) patients with SVC triggers,
4 (1.1%) patients with left atrium free wall (LAFW)/left
atrial appendage (LAA) triggers, 4 (1.1%) patients with CS
triggers, 5 (1.4%) patients with RA/crista terminals triggers,
8 (2.2%) patients with inter-atrial septum (IAS) triggers and
12 (3.4%) patients with triggers from vein of Marshall. The
baseline clinical characteristics in all patients are summa-
rized in Table 6. Table 6 shows the baseline characteristics
of the paroxysmal AF patients.

TABLE 6

Total
Baseline characteristics (N = 358)
Age, years 542 £11.2
Men, n (%) 243 (67.9)
BMI (kg/m?) 25.0 3.3
HTN, n (%) 176 (49.2)
Hyperlipidemia, n (%) 99 (27.7)
DM, n (%) 41 (11.5)
CAD, n (%) 73 (20.4)
CHF, n (%) 11 (3.1)
Old ischemic stroke/TIA, n (%) 6 (1.7)
Hyperthyroidism, n (%) 41 (11.5)
CHADS, 0.8 0.8
CHA,DS,-VASc 1.2 £1.0
NPV triggers, n (%) 60 (16.8)
SVC, n (%) 29 (8.1%)
LAFW/LAA, n (%) 4 (1.1%)
CS, n (%) 4 (1.1%)
RA/CT, n (%) 5 (1.4%)
IAS, n (%) 8 (2.2%)
VOM, n (%) 12 (3.4%)
Echocardiographic parameters
LAD (mm) 375 £54
LVEF (%) 59.6 £ 6.2

Values are number and percentage (%) of the variables + standard deviation.
AF, atrial fibrillation; BMI, body mass index; HTN, hypertension; DM, diabetes mellitus;
CAD, coronary artery disease; CHF, chronic heart failure; TIA, transient ischemic attack;
NPV, non-pulmonary vein; SVC, superior vena cava; LAFW/LAA, left atrium free
wall/left atrium appendage; CS, coronary sinus; RA/CT, right atrium/crista terminalis;
IAS, interatrial septum; VOM, vein of Marshall LAD, left atrial diameter; LVEEF, left
ventricular ejection fraction.
2.4.2 AF Trigger Origin Model Prediction

Multiple networks were tested, and the network that
produced the highest AUC of the ROC for the validation
data set was chosen. For each PVCT image, the AF trigger
model testing experiment resulted in an accuracy rate of
82.4£2.0%, a sensitivity of 64.3+5.4% and a specificity of
88.4£1.9% for the predictive performance of the NPV
trigger. For each patient included in the test experiment, the
accuracy, sensitivity, and specificity rates were 88.612.3%,
75.0£5.8%, and 95.7+1.8% for the predictive performance
of the NPV trigger, respectively. The ROC curves for each
PVCT image and each patient are described in FIGS. 5A and
5B, and the AUCs were 0.82+0.01 and 0.88+0.07, respec-
tively. The ROC curves for each PVCT image and each
patient are described in FIGS. 5A and 5B. FIGS. 5A and 5B
illustrate the ROC curves of testing results in the AF trigger
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origin model. FIG. 5A is illustrated for each PVCT image,
in which the area under the curve (AUC)=0.82+0.01. FIG.
5B is illustrated for each patient, in which the
AUC=0.88+0.07. The confusion matrices of testing results
are shown in FIGS. 6A and 6B. FIG. 6A illustrates the
confusion matrix of test results in PVCT images. FIG. 6B
illustrates the confusion matrix of test results in all tested
patients.

2.5 Discussion

2.5.1 Main Finding

Our study demonstrated that the deep learning approach
of PVCT images provides the power to predict NPV triggers
in patients with paroxysmal AF prior to catheter ablation.
This would provide electrophysiologists additional informa-
tion for decision-making before catheter ablation and facili-
tate the ablation procedure. Further multiple center trials are
required to validate this deep learning model.

2.5.2 Previous Image Study for the Prediction of AF Trigger

PVs are structures coated by muscular sleeves, which
extend from the LLA; therefore, these muscular sleeves may
have spontaneous pacemaker activity. PVI has become the
cornerstone of catheter ablation approaches for eliminating
AF PV foci. However, PVs are not the only trigger struc-
tures. The superior vena cava, coronary sinus, right crista
terminalis, and ligament of Marshall are all structures which
can act as NPV triggers. In our previous study, the incidence
of NPV triggers was 16.4%, 20.4%, and 44.7% in paroxys-
mal, persistent, and long-standing persistent AF patients,
respectively. Localization of NPV foci required a detailed
analysis of mapping multipolar catheters and it can be
time-consuming to identify the exact location of the NPV
foci.

Our previous study investigated the structure of the PV by
projections of PV angiography in patients with paroxysmal
AF initiated by an ectopic PV trigger group, an NPV trigger
group (triggers from SVC or crista terminalis) and a control
group (patients without AF). The study demonstrated that
patients with paroxysmal AF initiated by ectopic beats from
superior PVs have greater ostia and proximal portion diam-
eters of superior PVs than NPV triggers or control groups.
The NPV trigger group also had a significantly dilated ostia
of the superior PVs in comparison to the control group.
However, the dilatation of the PVs was not correlated with
the site of the ectopic beats that initiated AF. The mechanism
by which this might be explained is that the rapid and
chaotic firing of ectopic triggers within PVs causes a dis-
organized contraction of the muscle sphincters at the atrio-
pulmonary venous junction and an increase in the dimen-
sions of the atriopulmonary venous junction in addition to
the delayed changes of structure similar to the LA. Similarly,
increased stretch force attributed to the dilatation of PVs,
which may change the electrophysiological characteristics
of cardiac muscles within PVs and induce arrthythmia. These
studies revealed the importance of image in the prediction of
AF trigger.

2.5.3 Deep Learning in the Prediction of AF NPV Trigger
Origins

NPV ectopic beats have played an important role in the
initiation of PAF. However, whether there were predictors of
NPV ectopic beats initiating the paroxysmal AF was still
unclear. Our previous studies showed that female gender
(p=0.043; OR 2.00, 95% CI 1.02 to 3.92) and left atrial
enlargement (p=0.007; OR 2.34, 95% CI 1.27 t0 4.32) could
predict the presence of NPV ectopic beats. Schauerte et al.
also reported that high-frequency stimulation of cardiac
autonomic nerves in the vicinity of the canine SVC could
induce SVC ectopy initiating paroxysmal AF, and this
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phenomenon could be abolished by atropine. These findings
suggested that female gender, left atrial enlargement and
higher parasympathetic activity might be associated with a
higher incidence of NPV ectopic beats initiating AF. There
is currently limited information on the predictors of NPV
trigger and a predictive model of NPV triggers has not been
validated. This study validated for the first time a prediction
system of NPV trigger using a deep learning model. The
model could be a useful tool to identify NPV triggers based
on the prediction rate associated with PVCT images before
catheter ablation and might ultimately help electrophysiolo-
gists to reduce post-ablation recurrence.

The deep learning model does not provide algorithmic
transparency; thus we were not capable of precisely realiz-
ing the algorithm’s heuristic arrival at its final destination. In
order to understand how the deep learning model assembles
its understanding of images for trigger origin over multiple
layers, we applied the grad-CAM technique for visualizing
class-specific units to identify the judgment basis of the deep
learning model on the PVCT images. We chose the popu-
lation which received AF catheter ablation and in whom
there was no recurrence after a one-year follow-up as the
deep learning model. It indicated that we correctly elimi-
nated all triggers during the catheter ablation procedure. In
the deep learning model for PV or NPV foci in grad-CAM
technique analysis, the hot spots gather in PVs and left and
right atria in the prediction model (FIG. 15). It implied that
the criteria for judgment by the deep learning model are the
morphology, either size, shape or angle, of PVs and left and
right atria. To the best of our knowledge, this is the first
model predicting AF triggers using the deep learning
approach.

Our deep learning model was created for the purpose of
identifying possible NPV triggers in paroxysmal AF
patients. The model has a high specificity for predicting
NPV triggers, which could be useful for electrophysiologists
to decide whether to conduct a detailed mapping and provo-
cation tests during the procedure of catheter ablation. The
sensitivity of the deep learning model might be improved by
an increased sample size.

FIG. 15 is an example of discriminative localization
delineating PVs, left and right atria in grad-CAM technique
analysis for illustration of Al explanatory power (interest
area of Al). The darkest spots (hot spots) in the deep learning
trigger model for judgment of PV or NPV origin focus on
right and left atria.

2.5.4 Clinical Implications

The NPV triggers were an independent predictor of AF
recurrence and responsible for nearly half of the arrhythmia
recurrence in patients requiring a repeat procedure. Elimi-
nation of mappable NPV foci during catheter ablation could
reduce the AF recurrence rate and provide a better long-term
outcome in paroxysmal AF patients. The successfully
ablated NPV foci patients had AF-free outcomes equivalent
to those with PV triggers in paroxysmal AF.

Our deep learning model could predict NPV triggers
before a catheter ablation procedure through pre-ablation
PVCT images. In this way, it increases the awareness of
NPV triggers to physicians, which may facilitate the proce-
dure and improve the AF outcome.

2.5.5 Study Limitations

A potential limitation of this study is that the analyses
included subjects without AF recurrence within one-year
follow-up post ablation. Although the ablation of NPV
triggers was performed only when a reproducible focal
trigger causing AF which was identified outside the PV
ostia, we cannot exclude the possibility that some patients
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with NPV ablation may not have recurred if only PV
ablation was conducted. The mapping and ablation tech-
niques might have substantially changed between 2004 and
2017. However, our protocol for the provocation of NPV
trigger during the AF procedure was similar in this period.
We also analyzed patients without AF recurrence to ensure
that electrophysiologists found a source of arrhythmia dur-
ing the procedure and avoid the occurrence of any bias. The
intensity of CT images during the training and testing steps
and the intensity of PVs was not normalized, which may
have resulted in an unequal enhancement of the right or left
atria in each patient. The enhancement of the right or left
atria may have provided additional information for the
prediction of the deep learning model. The application of the
technique for the normalization of CT image intensity might
improve the performance of our model. Finally, not every
PVCT slice carried information about NPV trigger leading
to AF. PVCT images until the bottom of the heart were
collected to include the anatomical structure of low right
atrium or low crista terminalis, which were possible loca-
tions of AF triggers. In addition, both right and left atria
were not segmented before the analysis of the deep learning
model. The network may be detecting artifacts or messages
outside the heart which might not have relevant information
related to NPV triggers.
2.5.6 Conclusion

The deep learning approach using pre-ablation PVCT can
be applied to predict AF trigger origins in paroxysmal AF
patients receiving catheter ablation. The application of this
model may identify patients with a high risk of NPV trigger
before ablation.

We claim:
1. A method for processing pulmonary vein computed
tomography (PVCT) images, comprising:
obtaining a plurality of input PVCT images from the
upper border of a left atrium to the bottom of a heart;
determining, by a residual network model, whether each

of the plurality of input PVCT images relates to a

non-pulmonary vein (NPV) trigger origin, wherein a

first convolution operation is performed based on the

plurality of input PVCT images and a first convolution
layer, and a second convolution operation is performed
based on a second convolution layer, and

determining the plurality of input PVCT images relating
to a NPV trigger origin when more than half of the
plurality of input PVCT images are determined relating
to a NPV ftrigger origin,

wherein:

a first filter of the first convolution layer and a second
filter of the second convolution layer are determined
based on a training set and an internal validation set,

the training set includes a first portion of the multiple
patients and the corresponding training PVCT
images,

the internal validation set includes a second portion of
the multiple patients and the corresponding training
PVCT images, and

the internal validation set determines whether the first
filter of the first convolution layer and the second
filter of the second convolution layer are convergent.

2. The method of claim 1, further comprising:

obtaining a first input PVCT image of the plurality of
input PVCT images;

generating a first feature map by performing the first
convolution operation based on the first input PVCT
image and the first convolution layer,
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generating a second feature map by performing the sec-
ond convolution operation based on the first feature
map and the second convolution layer,

generating a third feature map by adding the first feature

map and the second feature map; and

generating a first probability value based on the third

feature map, the first probability value indicating a
non-pulmonary vein (NPV) trigger origin.

3. The method of claim 2, wherein the first input PVCT
image is determined relating to a non-pulmonary vein
(NPV) trigger origin when the probability value is greater
than 0.5.

4. The method of claim 2, wherein:

the first filter includes at least one first channel, and the

second filter includes at least one second channel.

5. The method of claim 4, wherein the first filter of the first
convolution layer and the second filter of the second con-
volution layer are determined based on a plurality of training
PVCT images from multiple patients, and the multiple
patients are without atrial fibrillation recurrence after a
catheter ablation in a predetermined time period.

6. The method of claim 5, wherein the plurality of training
PVCT images is obtained from the upper border of a left
atrium to the bottom of a heart.

7. The method of claim 6, wherein some of the multiple
patients are with pulmonary vein (PV) trigger origins, and
the others of the multiple patients are with NPV trigger
origins.

8. A apparatus for processing pulmonary vein computed
tomography (PVCT) images, comprising:

a processor; and

a memory, which stores instructions causing the processor

to perform operations, wherein the operations compris-

ing:

inputting a plurality of input PVCT images from the
upper border of a left atrium to the bottom of a heart;

determining, by a residual network model, whether
each of the plurality of input PVCT images relates to

a non-pulmonary vein (NPV) trigger origin, wherein

a first convolution operation is performed based on

the plurality of input PVCT images and a first

convolution layer, and a second convolution opera-
tion is performed based on a second convolution
layer;

determining the plurality of input PVCT images relat-
ing to a NPV ftrigger origin when more than half of
the plurality of input PVCT images are determined
relating to a NPV trigger origin; and

outputting an output indicating the plurality of input

PVCT images relating to a NPV trigger origin,

wherein:

a first filter of the first convolution layer and a second
filter of the second convolution layer are deter-
mined based on a training set and an internal
validation set,

the training set includes a first portion of the multiple
patients and the corresponding training PVCT
images,

the internal validation set includes a second portion
of the multiple patients and the corresponding
training PVCT images, and

the internal validation set determines whether the
first filter of the first convolution layer and the
second filter of the second convolution layer are
convergent.
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9. The apparatus of claim 8, the operations further com-
prising:

inputting a first input PVCT image of the plurality of input

PVCT images;

generating a first feature map by performing the first

convolution operation based on the first input PVCT

image and the first convolution layer;

generating a second feature map by performing the sec-

ond convolution operation based on the first feature

map and the second convolution layer,

generating a third feature map by adding the first feature

map and the second feature map;

generating a first probability value based on the third

feature map, the first probability value indicating a

non-pulmonary vein (NPV) trigger origin; and

outputting the first probability value.

10. The apparatus of claim 9, wherein the first input
PVCT image is determined relating to a non-pulmonary vein
(NPV) trigger origin when the probability value is greater
than 0.5.

11. The apparatus of claim 9, wherein:

the first filter includes at least one first channel, and the

second filter includes at least one second channel.

12. The apparatus of claim 11, wherein the first filter of the
first convolution layer and the second filter of the second
convolution layer are determined based on a plurality of
training PVCT images from multiple patients, and the mul-
tiple patients are without atrial fibrillation recurrence after a
catheter ablation in a predetermined time period.

13. The apparatus of claim 12, wherein the plurality of
training PVCT images is obtained from the upper border of
a left atrium to the bottom of a heart.

14. The apparatus of claim 13, wherein some of the
multiple patients are with pulmonary vein (PV) trigger
origins, and the others of the multiple patients are with NPV
trigger origins.

15. A non-transitory, computer-readable storage medium
storing computer programmable instructions, the computer
programmable instructions causing a computer to perform
operations, the operations comprising:

inputting a plurality of input PVCT images from the upper

border of a left atrium to the bottom of a heart;

determining, by a residual network model, whether each

of the plurality of input PVCT images relates to a

non-pulmonary vein (NPV) trigger origin, wherein a

first convolution operation is performed based on the

plurality of input PVCT images and a first convolution
layer, and a second convolution operation is performed
based on a second convolution layer,

determining the plurality of input PVCT images relating

to a NPV trigger origin when more than half of the

plurality of input PVCT images are determined relating
to a NPV ftrigger origin; and

outputting an output indicating the plurality of input

PVCT images relating to a NPV trigger origin,

wherein:

a first filter of the first convolution layer and a second
filter of the second convolution layer are determined
based on a training set and an internal validation set,

the training set includes a first portion of the multiple
patients and the corresponding training PVCT
images,

the internal validation set includes a second portion of
the multiple patients and the corresponding training
PVCT images, and

the internal validation set determines whether the first
filter of the first convolution layer and the second
filter of the second convolution layer are convergent.
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16. The non-transitory, computer-readable storage
medium of claim 15, the operations further comprising:
inputting a first input PVCT image of the plurality of input
PVCT images;

generating a first feature map by performing the first 5
convolution operation based on the first input PVCT
image and the first convolution layer;
generating a second feature map by performing the sec-
ond convolution operation based on the first feature
map and the second convolution layer, 10

generating a third feature map by adding the first feature
map and the second feature map;

generating a first probability value based on the third

feature map, the first probability value indicating a
non-pulmonary vein (NPV) trigger origin; and 15
outputting the first probability value.

17. The non-transitory, computer-readable storage
medium of claim 16, wherein the first input PVCT image is
determined relating to a non-pulmonary vein (NPV) trigger
origin when the probability value is greater than 0.5. 20

18. The non-transitory, computer-readable storage
medium of claim 16, wherein:

the first filter of the first convolution layer and the second

filter of the second convolution layer are determined
based on a plurality of training PVCT images from 25
multiple patients, and

the multiple patients are without atrial fibrillation recur-

rence after a catheter ablation in a predetermined time
period.
30



